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Figure 11.7: Lines of code in every initial release (i.e.,
excluding bug-fix versions of a release) of the Linux ker-
nel since version 1.0, along with fitted straight line (upper)
and quadratic (lower) regression models. Data from Israeli
et al.?? Github-Local
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This section is about fitting linear models, so the possibility of an exponential fit is put to
one side for the time being; building non-linear models, including better fitting non-linear
models to this data, is discussed later; see section 11.5.

The following call to glm fits an equation that is quadratic in the variable Number_days;
the righthand side of the formula contains Number_days+I(Number_days~2). The I
(sometimes known as as-is) causes its argument to remain unevaluated and is treated as a
distinct explanatory variable (the ~ operator has a distinct meaning within glm’s formula
notation, see table 11.2, and use of I prevents the expected binary operator usage being
overridden). An alternative way of including a squared explanatory variable in the model,
is to assign the value Number_days”2 to a new variable and include this new variable’s
name on the righthand side of the formula. Figure 11.7, lower plot, shows the result of
fitting this equation.

linux_mod=glm(sloc ~ Number_days+I(Number_daysA2), data=linux_info)

The quadratic fit looks like it is better than linear, but perhaps a cubic, quartic or higher
degree polynomial would be even better fits. The higher the order of the polynomial
used, the smaller the error between the fitted model and the data. The error decreases
because the additional terms make it possible to do a better job of following the random
fluctuations in the data. A method of applying Occam’s razor is needed, to select the
number of terms that produces the simplest model consistent with the data, and having an
acceptable error.

The Akaiki Information Criterion, AIC, is a commonly used metric for comparing two or
more models (available in the AIC function). It takes into account both how well a model
fits the data, and the number of free coefficients in the model (i.e., constants selected by
the model building process, such as polynomial coefficients); free coefficients have to pay
their way by providing an appropriate improvement in a model’s fit to the data.*! AIC
can also be viewed as the information loss when the true model is not among those being
considered.”8!

One set of selection criteria?®! are that models whose AIC differs by less than 2 are more

or less equivalent, those that differ by between 4 and 7 are clearly distinguishable, while
those differing by more than 10 are definitely different.

How much better does a quadratic equation fit Linux SLOC growth, compared to a straight
line and how much better do higher degree polynomials fit? The following list gives the
AIC for models fitted using polynomials of degree 1 to 4 (lower values of AIC are better).
After initially decreasing the AIC starts to increase, once a fourth degree polynomial
is reached; the third degree polynomial is thus the chosen linear polynomial, of those
tested (other forms of equation could provide better fits using fewer free coefficients.)
Github—Local

[1] Degree 1, AIC= 13998.0004739753
[1] Degree 2, AIC= 13674.6883243397
[1] Degree 3, AIC= 13220.8542892188
[1] Degree 4, AIC= 13221.7072389496

The following is the summary output for the fitted cubic model: Github—Local

Call:
glm(formula = LOC ~ Number_days + I(Number_daysA2) + I(Number_daysA3),
data = latest_version)

Deviance Residuals:

Min 1Q Median 3Q Max
-428217  -80061 6503 64889 620500
Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 3.432e+05 2.876e+04 11.935 < 2e-16 #*x*
Number_days -3.664e+02 5.144e+01 -7.123 3.79e-12
I(Number_daysA2) 8.167e-01 2.456e-02 33.258 < 2e-16 x#x*
I(Number_daysA3) -9.184e-05 3.371e-06 -27.242 < 2e-16 x#x*

Signif. codes: 0 f#x%’ 0.001 ‘=%’ 0.01 ‘+” 0.05 ‘.’ 0.1 “ ’ 1

Xii A pegative AIC value may be the result of a nominal explanatory variable having many values, e.g., dates
that are represented as strings, which are could be converted using as.Date.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/Linux-DAYLOC.R
file:///home/ESEUR-code-data/regression/Linux-DAYLOC.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/Linux-DAYLOC-AIC.R
file:///home/ESEUR-code-data/regression/Linux-DAYLOC-AIC.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/Linux-DAYLOC-cubic.R
file:///home/ESEUR-code-data/regression/Linux-DAYLOC-cubic.R
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(Dispersion parameter for gaussian family taken to be 23001633959)

Null deviance: 1.8867e+15 on 494 degrees of freedom
Residual deviance: 1.1294e+13 on 491 degrees of freedom
AIC: 13221

Number of Fisher Scoring iterations: 2

Regression modeling produces the best fit for an equation over the range of data values
used, and AIC helps prevent overfitting. No claims are made about how well the model
is likely to fit data outside the range values used to fit it. Using a model, optimized to
fit the available data, to make predictions outside the interval of the data values used can
produce unexpected results.

What is the behavior of the above cubic model outside its fitted range, and in particular,
what predictions does it make about future growth? Figure 11.8 shows that the model
predicts a future decrease in the number of lines of code. A decreasing number of lines
is the opposite of previous behavior, this prediction does not appear believable (if this
decreasing behavior were predicted by a more detailed model of code growth, that closely
mimicked real-world development by using information on the number of developers
actively involved, and a list of functionality likely to be implemented, it would be more
believable).

A quadratic equation might not fit the data as well as a cubic equation, but the form of its
predictions (increasing growth) is consistent with expectations.

If the purpose of modeling is to gain understanding, then the quadratic model maps more
closely to anticipated behavior; if the purpose is prediction within the interval of the fitted
data, then the cubic model is likely to have a smaller error.

What about fitting other kinds of equations to the data? Equations such as ¥ = aePX + ¢
and Y = aXP® + ¢ are nonlinear in B; non-linear model building is discussed in sec-
tion 11.5.

For a software system to grow, more code has to be added to it than is deleted. A constant
rate of growth suggests either a constant amount of developer effort, or a bottleneck hold-
ing things up; an increasing rate of growth (i.e., quadratic) suggests an increasing rate of
effort. The different code growth pattern seen in the Linux kernel, compared to NetB-
SD/FreeBSD and various other applications, has been tracked down®® to device driver
development; new hardware devices often share many interface similarities with existing
devices; for Linux developers tend to copy an existing driver, modifying it to handle the
hardware differences. It is this reuse of existing code that is the source of what appears to
be a non-linear growth in developer effort. This method of creating a new device driver,
performed by many developers working independently, can continue for as long as the
new devices coming to market have common interfaces.

A linear regression model is not restricted to combining explanatory variables using poly-
nomials, any function can be used as long as the coefficients of the model occur in linear
form. For instance, the FreeBSD model plotted in figure 11.2 might include a seasonal
term that varies with time of year; while a model containing the term Asin(27ft + ¢ )il
is nonlinear (because of ¢, the phase shift), it can be written in linear form the follows:

Asin(27ft + ¢) = o sin(27ft) + o cos(2xft)
where: oy = Acos ¢ and o = Asing; A = /o + o and ¢ = arctan g*.
The call to glm is now (the argument to the trig functions is in radians):

rad_per_day=(2+pi) /365

freebsd$rad_Number_days=rad_per_day+freebsd$Number_days

season_mod=glm(sloc ~ Number_days+sin(rad_Number_days)+cos(rad_Number_days),
data=freebsd)

The summary output, from the fitted model, shows that while a seasonal component exists,
its overall contribution is small; see Github—regression/Herraiz-BSD-season.R.

While fitting a model using all available measurements points is a reasonable first step,
subsequent analysis may suggest that the data might best be treated as two or more disjoint

xiiigome books use A cos(27ft + ¢), which changes the phase by 90°and flips some signs.
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Figure 11.8: Actual (left of vertical line), and predicted
(right of vertical line) total lines of code in Linux at a given
number of days since the release of version 1.0, derived
from a regression model built from fitting a cubic polyno-
mial to the data (dashed lines are 95% confidence bounds).
Data from Israeli et al.? Github-Local
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Vasa.!883 Github—Local
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samples. There may be time dependent factors that have a strong influence on growth
patterns.

Figure 11.9 shows the number of classes in the Groovy compiler at each release, in days
since version 1.0. There are noticeable kinks in the growth rate at around 1,300 and 1,500
days. Fitting a model to the complete sample, shows upward trending quadratic growth in
the number of classes over time, but fitting separate models to two halves of the sample,
shows quadratic growth that flattens out.

An investigation the Groovy compiler developer, finds that the kink occurs at a transi-
tion between version numbers. It is possible to invent a variety of explanations for the
pattern of behavior seen, but treating the measurements as-if they came from a single
continuously developed code base, is probably not one of them; further investigation of
the circumstances behind the development of the Groovy compiler is needed, to obtain
the desired level of confidence in one of these, or other, models.

11.2.5 Visualizing the general trend

Even when the measurement points are scattered in what appears to be a general direction,
it is little work to confirm this general trend.

A general technique for highlighting the trend followed by data is to fit a regression model
to a consecutive sequence of small intervals of the data, joining this sequence of fits to-
gether to form a continuous line. Two methods based on this idea (both fitting such that
the lines smoothly run together), are LOWESS (LOcally WEighted Scatterplot Smooth-
ing) and LOESS (LOcal regrESSion); lowess and loess are the respective functions,
with loess being used in this book.

A study by Kunst'? counted, for 148 languages, the number of lines committed to
Github (between February 2013 and July 2014), and the number of questions tagged with
that language name on Stackoverflow.

Figure 11.10, upper plot, shows lots of points that look as-if they trend along a straight
line. The loess fit, red line in lower plot, shows the trend having a distinct curve. Exper-
imenting with a quadratic equation in log(lines_committed) shows (blue line in lower
plot) that this more closely follows the loess fit, than a straight line (a quadratic fit also
has a lower AIC than a linear one; see Github—regression/langpop-corger-nl.R).

A call to loess has the same pattern as a call to glm, with the possible addition of an
extra argument; span is used to control the degree of smoothing:

loess_mod=loess(log(stackoverflow) ~ log_github, data=langpop, span=0.3)
x_points=1:max(langpop$log_github)

loess_pred=predict(loess_mod, newdata=data.frame(log_github=x_points))
lines(exp(x_points), exp(loess_pred), col=pal_col[1])

A study by Edmundson, Holtkamp, Rivera, Finifter, Mettler and Wagner>3! investigated
the effectiveness of web security code reviews, asking professional developers to locate
vulnerabilities in code.

The lowess fit, blue line in figure 11.11, suggests that the percentage of vulnerabilities
found increases as the number of years working in security increases, but then rapidly
decreases. This performance profile seems unrealistic. A fitted straight line, in red, shows
a decreasing percentage with years of work in the security field (its p-value is 0.02).

Perhaps the correct interpretation of this data, is that average performance does increase
with years worked in the field, but that the subjects with many years working in security,
who took part in the study, were more managerial and customer oriented people (who had
time available to take part in the experiment), i.e., this data contains sampling bias. At the
time of the study, software security work was rapidly expanding, so the experience profile
is likely to be skewed with more subjects being less experienced.

When it is not necessary to transform either argument, the value returned by the loess.
smooth function can be passed directly to 1ines.

lines(loess.smooth(dev§experience, dev$written, span=0.5), col=pal_col[2])

A loess visualization can also helpful when the number of data points is so large, they
coalesce into formless blobs. The Ultimate Debian Database is an example; see fig 11.23.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/langpop-corger-nl.R
file:///home/ESEUR-code-data/regression/langpop-corger-nl.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/acc-sec-experience.R
file:///home/ESEUR-code-data/regression/acc-sec-experience.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/langpop-corger-nl.R
file:///home/ESEUR-code-data/regression/langpop-corger-nl.R
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The loess function divides the range of x-axis values into fixed intervals, which means
that when the range of x-values varies by orders of magnitude, the fitted curve can appear
over stretched at the low values and compressed at high values.

One solution is to reduce the range of x-values by, for instance, taking the log, smoothing,
and then expanding (see Github—regression/java-api-size.R); the following code is used in
figure 11.32:

t=1oess.smooth(log(API$Size), API$APIs, span=0.3)
lines(exp(t$x), t$y, col=loess_col)

11.2.6 Influential observations and Outliers

Influential observations are observations that have a disproportionate impact on the values
of amodel’s fitted coefficients, e.g., a single observation significantly changes the slope of
a fitted straight line. The terms leverage (or, based on the mathematical symbol used, hat-
value) refer to the amount of influence a data point has on a fitted model; the hatvalues
function takes the model returned by glm and returns the leverage of each point.

Influential observations might be removed or modified, or a regression technique used that
reduces the weight given to what are otherwise overly influential points, e.g., the glmrob
function in the robustbase package (which is not always as robust as desired and manual
help may be required; see Github—regression/al74454-reg.R).

Outliers are discussed as a general issue in section 14, this subsection discusses outliers
in the context of regression modeling. In this context an outlier might be defined as
a data point having a disproportionately large standardized residual (here Studentized
residuals are used). To repeat an important point made in that chapter: excluding any
influential observations or outliers from the analysis is an important decision that needs
to be documented in the results.

Cook’s distance (also known as Cook’s D) is a commonly used metric, which combines
leverage and outlierness into a single number.

A study by Fenton, Neil, Marsh, Hearty, Radlifiski and Krause® involved data from 31
software systems for embedded consumer products. Figure 11.12 shows development
effort against the number of lines of code, along with a fitted straight line and standard
error bounds. At the right edge of the plot are two projects that consumed over 50,000
hours of effort, and the number of lines of code for these projects looks very small in
comparison with other projects. Is the fitted model overly influenced by these two projects
and should they be ignored or adjusted in some way?

As the number of points in a sample grows, there is an increasing probability that one
or more of them will be some distance away from the fitted line; in any large sample a
few apparent outliers are to be expected as a natural consequence of the distribution of
the error. The following analysis illustrates the dangers of not taking sample size into
account, when making judgements about the outlier status of a measurement point.

Figure 11.13 shows the result of building a model, after removing measurements having
both a high Cook’s distance and Studentized residuals, and repeating the process until
points stop being removed. At the end of the process, most measurement points have
been removed.

Removing overly influential points until everything looks respectable is seductive, it is an
easy-to-follow process that does not require much thought about the story that the data
might have to tell. For those who don’t want to think about their data, the outlierTest
function, in the car package, can be used to automate outlier detection and removal (it
takes a model returned by glm and returns the Studentized residuals of points whose
Bonferroni corrected p-value is below a cutoff threshold; default cutoff=0.05).

A method of visualizing the important influential observation and outlier information is
required. The influenceIndexPlot function, in the car package, takes the model re-
turned by glm and plots the Cook’s distance, Studentized residual, Bonferroni corrected
p-value and hat-value for each data-point; figure 11.14 is for the Fenton et al data.

all_mod=glm(KLoC ~ I(Hours”~0.5), data=loc_hour)
influenceIndexPlot(all_mod, main="", col=point_col, cex.axis=0.9, cex.lab=1.0)
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Figure 11.12: Hours to develop software for 29 embedded
consumer products, and the amount of code they contain,
with fitted regression model and loess fit (yellow). Data
from Fenton el al.’®3 Github—Local
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Figure 11.13: Points remaining after removal of overly
influential observations, repeatedly applying Cook’s dis-
tance and Studentized residuals. Data from Fenton el
al.®* Github-Local
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Figure 11.15: Points remaining after removal of overly
influential observations, also taking into account the Bon-
ferroni p-value of the Studentized residuals; the line shows
the fitted model and 95% confidence interval (loess fit in
yellow). Data from Fenton el al.>®*> Github—Local

60+
501
401
301

201

Reported product recalls

10-

2006-05-16 2008-11-25 2010-06-30
Fortnights

Figure 11.16: Number of medical devices reported re-
called by the US Food and Drug Administration, in two
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The upper plot shows four data points having a large Cook’s distance, but only two of them
have a significant corrected p-value (second plot from the bottom). These two data points
were removed, and the process of building a model and calling influenceIndexPlot
repeated; on this iteration one point is removed and iterating again finds no other data
points as worthwhile candidates for removal.

Figure 11.15 shows the results of removing data points having both a high Cook’s dis-
tance, and Studentized residuals whose corrected p-value is below the specified limit.

Outliers are loners, appearing randomly scattered within a plot. When multiple points
appear to be following a different pattern than the rest of the data, the reason for this may
be a different process driving behavior, or a change of behavior in what went before.

A study by Alemzadeh, Iyer, Kalbarczyk and Raman?® investigated safety-critical com-
puter failures in medical devices between 2006 and 2011 (as reported by the US Food and
Drug Administration). Figure 11.16 shows the number of devices recalled for computer
related problems (20-30% of all recalls), binned by two-week intervals.

Data points that stand out in figure 11.16 are the two large recall rates in the middle of
the measurement interval, and recall rates at later dates appearing to increase faster than
earlier; adding a loess fit (yellow) shows peaks around the two suspicious periods. The
fitted straight line shows a distinct upward trend. Is this fitted line being overly influenced
by the two middle period points or end of measurement period recall rates?

The measurement points appear in regular time slots, and deleting one of these time slots
does not make sense; replacing an outlier with the mean of all measurements is one so-
lution for handling this situation. Doing this (see Github—regression/Alemzadeh-Recalls.R)
finds there is little change in the fitted regression model, i.e., these two outliers had lit-
tle influence. Did a substantive change in the processes driving recalls, or recording of
recalls, occur around the start of 2011? Further investigation, or domain knowledge, is
needed to answer this question.

Figure 11.17 shows two fitted models, one using data up until the end of 2010 and the
other using the data after 2010. This illustrates that blindly fitting a straight line to a
sample can produce a misleading model. A change in reporting appears to have occurred
around the end of 2010, which had a significant impact on reported recalls (work is needed
to uncover the reason for this change) and fitting data up to the end of 2010 shows a
much smaller increase, and perhaps even no increase, in recall rates, compared to when
measurements after this date are included.

A change-point analysis of this data is discussed in section 11.2.9.

When combining results from multiple studies, it is possible for an entire study to be an
outlier, relative to the other related studies.

A study by Amiri and Padmanabhuni’? analysed the methods used by eleven other studies
to convert between two common methods of counting function points.*¥ Many studies
included in the analysis have small sample sizes, include both student and commercial
projects, and the function points are sometimes counted by academics rather than indus-
trial developers.

Figure 11.18 shows function points counted using the COSMIC and FPA algorithms
(counts made by students have been excluded). Both lines are loess fits, with red used
for industry points and blue for academic researchers; the academic line overlays the
industry line if one sample (i.e., Cuadtado_2007) is excluded.

The impact of influential observations on a fitted model can vary enormously, depending
on the form on the equation being fitted. Figure 11.19 shows the lines of five separate
equations fitted to the Embedded subset of the COCOMO 812! data, with the upper plot
using the original data, and the lower plot the data after three influential observations have
been removed.

In some cases outlier removal has had little impact on the model fitted, while in other
cases there has been dramatic changes in the coefficients of the fitted model.

11.2.7 Diagnosing problems in a regression model

The commonly used regression modeling functions are capable of fitting a model to al-
most any sample, without reporting an error (some functions are so user-friendly they

XVEunction point counting is a technique for estimating development effort by counting the functionality
contained in the software requirements specification.
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gracefully handle data that produces a singular matrix, an error that is traditionally flagged,
because it suggests that something somewhere is wrong). It is the analysts’ responsibility
to diagnose any problems in the model returned.

Looking at figure 11.20, it is visually obvious that at least two of the fitted regression
lines completely fail to capture the pattern present in the data. The data set is famous, it
is known as the Anscombe quartet.** The four samples each contain two variables, with
each sample having the same mean, standard deviation, Pearson correlation coefficient
and are fitted using linear regression to produce a straight line having the same slope and
intercept.

Problems with a regression model are not always as obvious as the Anscombe quartet
case, and diagnosing the cause of the problem can be difficult. As always, domain knowl-
edge is very useful for suggesting alternative models or possible changes to a fitted model.

The difference between the measured value of the response variable, and the value pre-
dicted by a fitted model is known as the residual. While many model diagnosis techniques
are based on the use of the residual, they often require more knowledge of the mathemat-
ics of regression modeling than is covered in this book.*"

The suggested model diagnostic techniques, for casual users of statistics, are visualization
based.

Figure 11.21, upper plot, shows the residual of the straight line fitted to the Linux kernel
growth data analysed in figure 11.7. Ideally the residual is randomly scattered around
zero, and the V-shape seen in this plot is typical of a straight line fitted to values that curve
around it (the smallest residual is in the center, where the model fits best, and is greatest
at the edges; the smaller peak is a localised change of behavior, and may explain why a
cubic produces a slightly better fit). This plot is one of the four diagnostic visualizations
produced by plot, when it is passed a regression model, as follows:

ml=glm(LOC ~ Number_days, data=latest_version)
plot(ml, which=1, caption="", col=point_col)

Figure 11.21, lower plot, shows the original data, straight line fit (red) and loess fit (blue).
Both the residual plot and loess fit express the same pattern of curvature around about
the straight line fit. Both visualizations have their advantage, the loess line can be drawn
before any model is fitted, while details are easier to extract, from a residual plot, e.g.,
values for the size of the difference.

The mathematics behind linear regression requires that each measurement be independent
of all the other measurements in a sample. A common form of dependence between
measurements is serial correlation, i.e., correlation between successive measurements. A
fitted regression model can be tested for serial correlation using the Durbin Watson test;
supported by the durbinWatsonTest function in the car package.

A study by Flater and Guthrie®'* measured the time taken to assign a value to an array
element in C and C+ , using twelve different techniques, some of which checked that the
assignment was within the defined bounds of the array (two array sizes were used, large
and small); the programs benchmarked were compiled using seven different compiler
optimization options.

Figure 11.22 shows the timings from 2,000 executions of one technique for assigning to an
array element, compiled using gcc with the 00 option (upper) and 03 option (lower). The
results for 00 show a clustering of execution times for groups of successive measurements.

A Durbin Watson test confirms that the 00 measurements are serially correlated; see
Github—benchmark/array-durbanwatson.R.

Some regression modeling functions can adjust for the presence of serial correlation (in-
formation about the correlation is passed in an optional argument). The gls function,
in the nlme package, supports a correlation option; the dynlm package supports the
use of time series operators (e.g., diff and lag) in the specification of model formula; the
tscount package supports the fitting of generalized linear models to time series of count
data.

When measurements contain a significant amount of serial correlation, time-series analy-
sis techniques may provide useful information; see section 11.10. The tsglm function, in
the tscount package, supports regression modeling of count time series.

*VIt is not obvious that the cost/benefit of learning the necessary mathematics is worthwhile (but it is a good
source of homework exercises for students).
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https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/BTH2011Padmanabhuni.R
file:///home/ESEUR-code-data/statistics/BTH2011Padmanabhuni.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/cocomo81/coco_outlier.R
file:///home/ESEUR-code-data/regression/cocomo81/coco_outlier.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/array-durbanwatson.R
file:///home/ESEUR-code-data/benchmark/array-durbanwatson.R
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11.2.8 A model’s goodness of fit

How well does a model fit the data? The term goodness of fit is often used to describe this
quantity. Various formula for calculating a goodness of fit have been proposed, and often
involve the difference between the value measured and the corresponding value predicted
by the model.

For the end-user of results of the analysis, meeting expectations of behavior is an impor-
tant model characteristic.

When fitting equations to gain understanding, the structure of the processes suggested by
the terms of the equation are an important characteristic.

When making predictions, the primary quantity of interest is the accuracy of new pre-
dictions, i.e., the amount of expected error in predictions for values that are not in the
sample used to build the model. The error structure is also a consideration; is the priority
to minimise total error, worse case error, to prefer over-estimates to under-estimates (or
vice versa) or does some complicated weighting (over the range of values that explanatory
variable(s) might take) have to be taken into account?

When dealing with one explanatory variable, it is possible to get a good idea of how well a
model fits the data through visualization, e.g., by plotting them both. Does the fitted line
look correct and how wide are the confidence intervals? However, for data containing
more than one explanatory variable, accurate visualizations are problematic.

To create a model by fitting it to data, is to create a just so story. The predictions made
by a model, outside the range of the data used to build it, are just something to discuss
when considering expectations of behavior (which might be derived from a theory of the
processes involved in generating the data used to fit the model).

Confidence intervals, see fig 11.3, provide information about the goodness of fit at every
point. The following discussion looks at some ways of producing a single numeric value,
to represent goodness of fit.

The leftover variation in a sample that is not accounted for by the fitted model, the resid-
ual, is invariably a component in any equation in the calculation of a single value to
summarise how well the model performs. Some of the metrics used include:

e null deviance is a measure of the difference between the data and the mean of the
data, deviance is a measure of the difference between the data and a fitted model
(both values are listed in the summary output of a model fitted by glm). The percentage
difference between the deviance and null deviance is a measure of the variance in the
data that is not explained by the mode,

* R-squared (also known as the coefficient of determination and commonly written R?)
can be interpreted as the amount of variance in the data (as measured by the residuals)
that is explained by a model. It takes values between zero and one (which has the
advantage of being scale invariant) and is a measure of correlation, not accuracy.

Sometimes the adjusted R?, written R?, is used, which takes into account the number of

explanatory variables, p, and sample size, n: R = R> — (1 — R?) %

» mean squared error (MSE): the mean squared error is the mean value of the square of the
residuals and as such has no upper bound (and will be heavily influenced by outliers);
root mean squared error (RMSE) is the square-root of MSE.

MSE

ez

¢ mean absolute error (MAE): the mean absolute error is the mean value of the absolute
value of the residuals. This measure is more robust in the presence of outliers than
MSE.

The following equation shows how MSE and R? are related: R> = 1 —

Apart from the R? metric, the metrics listed (plus AIC) are scale dependent, e.g., map-
ping measurements from centimeters to inches changes their value; transforming the scale
(e.g., taking logs) will also change metric values.

The choice of a metric is driven by what information is available and what model charac-
teristics are considered important, e.g., how important is being able to handle outlier. In a
competitive situation, people might not be willing to reveal details about their model and
so any public metric has to be based on predictive accuracy, e.g., model builders provide
the predictions made by their model to a test data set.

R? is the only scale invariant metric, and it provides an indication of how much improve-
ment might be possible over an existing model.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/introduction/anscombe.R
file:///home/ESEUR-code-data/introduction/anscombe.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/residual-DAYLOC.R
file:///home/ESEUR-code-data/regression/residual-DAYLOC.R
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It is possible for the coefficients of a fitted model to be known with a high degree of
accuracy, and yet for this model to explain very little of the variance present in the data,
and for there to appear to be little chance of improving on the model given the available
data.

The Ultimate Debian Database project!3%? collects information about packages included
in the Debian Linux distribution. Figure 11.23 shows the age of a packaged application
plotted against the number of systems on which that application is installed, for 14,565
applications in the "wheezy" version of Debian; also, see fig 6.4 and fig 8.18.

The fitted linear model (red line, hidden by the 95% confidence interval in green over-
writing it; loess fit in blue) has a very low p-value, a consequence of the large number of,
and uniform distribution of, data points. The predictive accuracy of this model is almost
non-existent, the only information it contains is that older packages are a little more likely
to be installed that younger ones.

A study by Jgrgensen and Sjgberg®® investigated developers’ ability to predict whether
any major unexpected problems would occur during a software maintenance task. Build-
ing a regression model, using the available measured attributes, finds that lines of code is
the only explanatory variable having a p-value less than 0.05. However, only 3.3% of the
variance in the response variable is explained by the number of lines of code; while the
explanatory variable was statistically significant, its practical significance was negligible;
see Github—maintenance/10.1.1.37.38.R.

11.2.9 Abrupt changes in a sequence of values

When the processes generating the measured values change, the statistical properties of
the post-change sequence of values may abruptly change. The point where the statistical
properties of a sequence of values significantly changes is known as a change-point.

The changepoint package supports basic change-point analysis of the mean and variance
of a sequence of values. The cpt.mean function checks for significant shifts in the mean
value; the method="AMOC" (At Most One Change) option searches for what its name
implies; other values support searching for a specified maximum number of changes,
with method="PELT" selecting what is considered to be the optimum number of changes.

An earlier analysis of electronic device recalls (see fig 11.17) suggested that a significant
shift in the processes driving reported recalls occurred at the end of 2010. Figure 11.24
shows the output from the following calls to cpt .man:

library("changepoint")

change_at=cpt.mean(as.vector(t2))
plot(change_at, col=point_col,
xlab="", ylab="Reported product recalls\n")

change_at=cpt.mean(as.vector(t2), method="PELT")
plot(change_at, col=point_col,
xlab="Fortnights", ylab="Reported product recalls\n")

For an example of detecting changes in variance and changes in both mean and variance,
see Github—regression/hpc-read-write.R.

The segmented function, in the segmented package, adjusts a fitted regression model to
take account of change-points; at the time of writing this function only fits connected line
segments, i.e., no disjoint line boundaries, such as that present in figure 11.17. A model
is fitted using glm is passed to segmented, which attempts to estimate the appropriate
change points and fit a series of line segments between each change-point (the number
of change-points can be explicitly specified). Figure 11.25 shows the output from the
following code (also see fig 10.20):

library("segmented")

plot(t2$fortnight, t2$freq, type="1", col=pal_col[2], xaxs="i",
xlab="Fortnights", ylab="Recalls\n")

al_mod=glm(freq ~ fortnight, data=t2) # fit model as usual
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Figure 11.22: Array element assignment benchmark com-
piled with gcc using the 00 (upper) and 03 (lower) op-
tions (measurements were grouped into runs of 2,000 ex-
ecutions). Data from Flater et al.®'* Github-Local
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Figure 11.23: Number of installations of Debian packages
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fit. Data from the "wheezy" version of the Ultimate De-
bian Database project.'862 Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/array-access.R
file:///home/ESEUR-code-data/benchmark/array-access.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/udd-age-insts.R
file:///home/ESEUR-code-data/regression/udd-age-insts.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/maintenance/10.1.1.37.38.R
file:///home/ESEUR-code-data/maintenance/10.1.1.37.38.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/hpc-read-write.R
file:///home/ESEUR-code-data/regression/hpc-read-write.R
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60 pred=predict(al_mod)
lines(pred, col=pal_col[3]) # add fitted line to plot

501 seg_mod=segmented(al_mod, npsi=1l) # adjust fitted model with one change-point

°

K]

§ plot(seg_mod, col=pal_col[1l], add=TRUE) # add fitted lines to plot

.g 401

g

s When the location of the change-point is known, or the segmented function fails to find

o a reasonable fit, an abrupt change can be modeled using glm to effectively fit multiple

08; equations; one equation over each discontinuity separated interval. While each equation

x 207 may be fitted by an independent call to glm, it may be possible to build a single model
incorporating every discontinuity.

101 Figure 11.26 shows an abrupt change in the sales volume of 4-bit microprocessors (green).

. . . . . . _ Straight lines have been fitted to the two periods before/after April 1998 (red), with the
10 20 30 40 50 60 70 vyearly sales cycle modeled by a sine wave (blue).

60 The technique for fitting a model that handles discontinuous patterns of behavior makes
use of an interaction between the explanatory variable (date in this case), and a dummy
variable whose 0/1 value depends on date, relative to the change-point. The code for the

l) 501 straight line model (red line) is:
2 A
§ 40 y_1998=as.Date("01-04-1998", format="%d-%m-%Y") # estimated discontinuity point
51 ] A
3
8 p4=glm(bit.4 ~ datex(date < y_1998)+datex(date >= y_1998), data=proc_sales)
S 30]
8 N
<3 AN and the summary output is: Github—Local
€ 201
o T Call:
NS [\ | [BAYA 17 | ' glm(formula = bit.4 ~ date * (date < y_1998) + date * (date >=
011/ =] ViU v_1998), data = proc_sales)

10 20 30 40 50 60 70 Devian?e Residuals: .
Fortnights Min 1Q Median 3Q Max
-19756.9 -6372.8 -558.7 6533.2 19086.4
Figure 11.24: Change-points detected by cpt.mean, up-
per using method="AMOC" and lower using method=

Coefficients: (2 not defined because of singularities
"PELT". Data from Alemzadeh et al.’* Github—Local ( g )

Estimate Std. Error t value Pr(>|t])

(Intercept) 7.050e+04 5.802e+04 1.215 0.2265
601 date 7.072e-01 5.368e+00 0.132 0.8954
date < y_1998TRUE -8.357e+04 5.873e+04 -1.423 0.1572
» 507 date >= y_1998TRUE NA NA NA NA
g date:date < y_1998TRUE  1.045e+01 5.466e+00 1.912 0.0581 .
g 201 date:date >= y_1998TRUE NA NA NA NA
_g —_—
% Signif. codes: 0 ‘xx%’ 0.001 ‘=%’ 0.01 ‘+’ 0.05 ‘.’ 0.1 “* ’ 1
= 30;
% (Dispersion parameter for gaussian family taken to be 80003408)
g 20
Null deviance: 2.0763e+10 on 131 degrees of freedom
Residual deviance: 1.0240e+10 on 128 degrees of freedom
101 AIC: 2782.6

10 20 30 40 50 60 70 Number of Fisher Scoring iterations: 2
Fortnights

Figure 11.25: Fitted regression model (blue) and adjusted - ga16¢ fo]low a seasonal trend that can be approximated using a sine wave having a 12-
model with one change-point (red). Data from Alemzadeh

et a1.3° Github—Local month frequency, adding this to the straight line model as follows:

season_p4=glm(bit.4 ~ datex(date < y_1998)+datex(date >= y_1998)+
sin(rad_days)+cos(rad_days), data=proc_sales)

11.2.10 Low signal-to-noise ratio

Measurements sometimes contain a large amount of noise, relative to the signal present,
i.e., a low signal-to-noise ratio. Fitting a model to such data can be difficult, because
many equations do an equally (not very) good job.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/Alemzadeh-CP.R
file:///home/ESEUR-code-data/time-series/Alemzadeh-CP.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/Alemzadeh-reg-CP.R
file:///home/ESEUR-code-data/time-series/Alemzadeh-reg-CP.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/cpu-sales-summary.R
file:///home/ESEUR-code-data/regression/cpu-sales-summary.R
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The two plots along the upper row in figure 11.27 show data generated from a quadratic
equation containing noise, along with two fitted models (red and blue lines). The equation
used to generate the two sets of data is:

y = x>+ K x (5+ rnorm(length(x)))
where: K = 103 (left column), and K = 107 (right column).

It is not possible to tell by looking at the upper left plot whether a quadratic (blue),
or an exponential (red), is a better fit; the output from summary is not much help; see
Github—regression/noisey-data.R. The upper right plot contains less noise, and it is easier to
see that the exponential fit does not follow the data as well as the quadratic.

Sometimes the peaks (or troughs) in the plotted data can be an indicator of the shape of
the data. The upper left plot includes a quadratic and exponential fit to the three largest
values at each x-value (the fitted model does not seem to have less the uncertainty in this
case).

The ratio test is a technique that can help rule out some equations as possible candidates
for modeling. If f(x) is the function being fitted to the data and this data was generated

by the function g(x), the ratio % will converge to a constant as x becomes small/large
X

enough such that the signal dominates the noise.

The two plots along the lower row in figure 11.27, show ratio tests for quadratic (blue),
cubic (red) and exponential (green) equations. The exponential equation shows no sign
of converging to a constant, while quadratic is closer to doing this than cubic (which can
be ruled out because it does a poor job of fitting the data).
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Figure 11.26: Monthly unit sales (in millions) of 4-bit
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Figure 11.27:

The ratio test rules out an exponential equation being a good candidate for fitting a model
to the data in figure 11.27.

A study by Vasilescu, Serebrenik, Goeminne and Mens'# investigated contributions to

the Gnome ecosystem, from the point of view of workload (measured as the number of
file touches, e.g., commits), breaking it down by projects, authors and number of activity
types, e.g., coding, testing, documentation, etc.

Figure 11.28, upper plot, shows, for individual authors, workload and the number of
activity types they engaged in. There is a large amount of noise in the data (or variance
not explained by the explanatory variable used for the x-axis). Figure 11.28, lower plot,
shows a ratio test, with an exponential failing to level off, the linear equation slowly
growing, and the quadratic looking like it is trying to grow.

Perhaps the behavior would become clearer with more activity types, but the quadratic is
the only candidate not ruled out.

Quadratic relationship with various

amounts of added noise, fitted using a quadratic and ex-
ponential model. Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/cpu-sales.R
file:///home/ESEUR-code-data/regression/cpu-sales.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/noisey-data.R
file:///home/ESEUR-code-data/regression/noisey-data.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/noisey-data.R
file:///home/ESEUR-code-data/regression/noisey-data.R
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11.3 Moving beyond the default Normal error

Measurements sometimes have properties that do not meet the requirements assumed by
the mathematics on which glms default argument values are based. Some measurement
properties that non-default argument values can handle, include the response variable
having values that:

* can never go below zero, e.g., count data,

* can never be greater than some maximum value, e.g., some percentages can never be
greater than 100,

* span several orders of magnitude and contain an additive error.

By default, glm uses a Normal distribution for the measurement error. Figure 11.29 shows
a fitted regression line with four data points (red stars adjacent to a black line); the colored
Normal curves over each point represents the probability distribution of the measurement
error that is assumed to have occurred for that measurement (the center of each error dis-
tribution curve is directly above the fitted line at each explanatory variable measurement
point).

glm’s family argument has the default value family=gaussian(link="identity"),
which can be shortened to family=gaussian (the default link function for gaussian
islink="identity").

The Normal distribution includes negative values and when a measurement cannot have
a negative value, using an error distribution that includes negative values can distort the
fitted model. One alternative is the Poisson distribution, which is zero for all negative
values. The following call to glm specifies that the measurement error has a Poisson
distribution:

a_model=glm(a_count ~ x_measure, data=some_data, family=poisson)

After Normal, the Poisson and Beta distributions are the most common measurement error
distributions used by the analysis in this book.

Calling glm, with a non-default value for the family argument, requires knowing some-
thing about the mathematics behind generalised regression model building. The equation
actually being fitted by glm is:

ly+e)=o+Pixi+Poxa+ -+ Puxn

which differs from the one given at the start of the chapter in having I(y 4 €) on the
left-hand-side, rather than y. This / is known as the link function, which for the Normal
distribution is the identity function (this leaves its argument unmodified, and the equation
ends up looking like the one given at the start of this chapter).

Once a regression model is fitted, the value of the response variable is calculated from:
y=1""a+PBixi+fxo++)—¢

where: [~! is the inverse of the link function used, e. g., the inverse of log is e raised to the
appropriate power.

Every error distribution has what is known as a canonical link function, which is the
function that pops out of the mathematical analysis for that distribution. By default, glm
uses the canonical link function for each error distribution, and allows some alternatives
to be specified. The canonical link function for the Poisson distribution is log.

When the link function is not identity, prediction values and confidence intervals need
to be mapped as follows:

a_pred=predict(a_model, se.fit=TRUE)
inv_link=family(a_model)$linkinv # get the inverse link function

lines(x_values, inv_link(a_pred$fit)) # fitted line

# confidence interval above and below

lines(x_values, inv_link(a_pred$fit+1.96+«a_pred$se.fit))
lines(x_values, inv_link(a_pred$fit-1.96+«a_pred$se.fit))

The analysis in the following sections involve measurements that require the use of a
variety of measurement error distributions and link functions.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/depvar_not_log.R
file:///home/ESEUR-code-data/regression/depvar_not_log.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/3D-error-distrib.R
file:///home/ESEUR-code-data/regression/3D-error-distrib.R
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11.3.1 Count data

Count data has two defining characteristics, it is discrete and has a lower bound of zero.
The discrete distribution taking on non-negative values, supported by glm, is the Poisson
distribution.

In practice, when measurement values are sufficiently far away from zero (where far may
be more than 10) there is little difference between models fitted using the Normal and
Poisson distributions. For measurements close to zero, the main difference between mod-
els fitted using different distributions is the confidence intervals (which are usually not
symmetric, and may be larger/smaller).

The canonical link function for the Poisson distribution is 1og, and the following two calls
to glm are equivalent:

p_mod=glm(y ~ x, data=sample, family=poisson)
p_mod=glm(y ~ x, data=sample, family=poisson(link="log"))

The log link function means that the equation being fitted is actually:
y= O 1Bx P

To fit the equation: y = & + Bx + &, for a Poisson error distribution, the identity link
function has to be used, as follows (experience shows that glm sometimes fails to converge
when family=poisson(link="identity") is specified and that start values have to
be specified):

p_mod=glm(y ~ x, data=sample, family=poisson(link="identity"))

A study of the effectiveness of security code reviews by Edmundson, Holtkamp, Rivera,
Finifter, Mettler and Wagner>>! asked professional developers, with web security review
experience, to locate vulnerabilities in web code. The number of vulnerabilities found
can only be a non-negative integer value and in this study were single digit values.

The values fitted to a discrete distribution consists of a series of discrete steps, as the upper
plot of figure 11.30 shows (fitted line and 95% confidence intervals). While this plot is
technically correct, it is ambiguous: are the values specified by the top left edge, or the
bottom right edge of the staircase?*"! Plots using continuous lines are simpler for readers
to interpret and so are used in this book.

The dashed lines in figure 11.30, lower plot, were fitted using glm’s default values,*"'
while the argument family=poisson(link="identity") was used to fit the model rep-
resented by the smooth lines.

The two fitted lines are virtually identical (the green dashed line is drawn over the contin-
uous red line), but the 95% confidence intervals do differ. This pattern of behavior is very
common, unless the response variable has many values near zero.

Is the difference between fitting a model using the technically correct Poisson distribution,
or a Normal distribution, worth the effort (for the analyst, not the use of any additional
computing resources)?

Sometimes the Poisson distribution is used because a 1log link function transforms the
response variable, while keeping an additive measurement error.

When fitting models containing multiple explanatory variables (discussed later) and a
response variable containing count data, it can be more difficult to detect differences
between using a Poisson and Normal distribution. While use of the Poisson distribution
may involve more effort, it removes uncertainty and is always worth trying.

The Negative Binomial distribution is perhaps the second most commonly encountered
count distribution. A study by Jones’*? included counting the number of break statements
in C functions. Figure 11.31 shows the number of functions containing a given number
of break statements, along with a fitted Negative Binomial distribution.

A break statement can occur zero or more times within a loop or switch statement, and
these statements can occur zero or more times within a function definition. A Negative
Binomial distribution can be generated by drawing values from multiple Poisson distri-
butions (whose characteristics have been drawn from a Gamma distribution); might the
number of break statements in each function different Poisson distribution?

XiThe choice is selectable via the type argument to plot/lines.
*VI'To achieve an acceptable p-value, three outliers were removed.
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Previous web security reviews

Figure 11.30: Number of vulnerabilities detected by pro-
fessional developers with web security review experience;
upper: technically correct plot of model fitted using a
Poisson distribution, lower: simpler to interpret curve rep-
resentation of fitted regression models assuming measure-
ment error has a Poisson distribution (continuous lines), or
a Normal distribution (dashed lines). Data extracted from
Edmundson.*! Github-Local
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Figure 11.31: Number of functions containing a given
number of break statements and a fitted Negative Bino-
mial distribution. Data from Jones.”>* Github—Local
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The gamlss package!’% supports a wide variety of probability distributions, including

the NBI distribution (Negative binomial type I distribution; there is also a type II) used in
the following code:

library("gamlss")

breaks=rep(j_brk$occur, j_brk$breaks)
nbi_bmod=gamlss(breaks ~ 1, family=NBI)

plot(function(y) max(jumps$breaks, na.rm=TRUE)= # Scale probability distribution
dNBI(y, mu=exp(coef(nbi_bmod, what="mu")),
sigma=exp(coef(nbi_bmod, what="sigma"))),
from=0, to=30, n=30+1, log="vy", col=pal_col[1],
xlab="breaks", ylab="Function definitions\n")
points(jumps$occur, jumps$breaks, col=pal_col[2])

While zero is a common lower bound, other lower bounds are sometimes encountered; see
section 9.3.1. Both the gamlss. tr and VGAM packages support a wide variety of truncated
distributions; gamlss and related packages are used in this book because of the volume
and quality of their documentation.

A study by Starek!7%? investigated API usage in Java programs. Figure 11.32 shows the
number of APIs used in Java programs containing a given number of lines of code. The
API count starts at one, not zero, and many programs use a few APIs, suggesting that a
Poisson distribution may be applicable; the range of the number of APIs used does not
suggest a log scale.

+
251 n In the following code, gen.trun creates a zero-truncated Poisson distribution (derived
from PO in the gamlss. tr package) having the identity function as the link for its mean
(rather than the default log link).
201
library("gamlss")
library("gamlss.tr")
£15-
< gen.trun(par=0, family=PO(mu.link=identity))
101 tr_mod=gamlss(APIs ~ 1_size+I(l_sizeA2), data=API, family=POtr)
S n Figure 11.32 shows the fitted model in red. The other lines are fitted models using a
+ Poisson distribution that is not zero-truncated and a Normal distribution, along with 95%
0 confidence intervals. The yellow line is a loess fit. Other explanatory variables could be

le+01 1e+03 1e+05 le+07 added to the model to improve the fit to the data.
Lines of code

Figure 11.32: Number of APIs used in Java programs . . .
containing a given number of LOC; lines are fitted mod- 11.3.2 ~Continuous response variable having a lower bound

els based on a zero-truncated Poisson (red), Poisson and

Normal distributions (blue, with confidence intervals i . . o
ormal distributions (blue, with confidence intervals iny ro, 11 rements of the response variable may be drawn from a continuous distribution, e.g.,
green), yellow line is loess fit. Data from Starek.

Github—Local measurements involving length or time. The continuous distribution taking non-negative
values, supported by glm, is the Gamma distribution.

In practice, when most measurement values are sufficiently far away from zero (where far
away could be a large single digit value) there is little difference between models fitted
using the Normal and Gamma distributions. For measurements closer to zero the main
difference between models fitted using different distributions is in the confidence intervals
(which are usually not symmetric, and may be larger/smaller).

The canonical link function for the Gamma distribution is inverse, and the following
two calls are equivalent:

G_mod=glm(y ~ x, data=sample, family=Gamma) # Yes, capital G
G_mod=glm(y ~ x, data=sample, family=Gamma(link="inverse"))

The inverse link function means that the equation being fitted is (the identity link
function is supported):

=——+¢
Y a+ﬁx+

Figure 11.33 comes from a code review study (discussed in section 13.2) and shows meet-
ing duration when reviewing various amounts of code. Meeting duration must be greater


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/java-api-size.R
file:///home/ESEUR-code-data/regression/java-api-size.R
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than zero, and a Gamma measurement error distribution is assumed to apply (the variables
are assumed to have a linear relationship, and the identity link function is used). The red
line is the model fitted using a Gamma error distribution (plus confidence bounds), the
green line is the Gaussian distribution fit.

The data contains a few points with high leverage, and the loess fit suggests that there
may be a change-point, so a more involved analysis is appears necessary.

11.3.3 Transforming the response variable

When plotting sample points, values along one or both axes are sometimes transformed
to compress or spread out the points, for the purpose of improving data visualization.

A regression model is fitted to a pattern (represented by an equation) and if a plot using
transformed axis, contains visible pattern(s) of behavior, it is worth investigating a model
that uses similarly transformed values.

Applying a non-linear transform to the response variable changes its error distribution,
and a regression model built using this transformed response variable may not be a natural
fit to the processes that produced the measurements. Explanatory variables are assumed
not to contain any error and transforming them does not change this assumption.

For example, in the following regression model the error, €, is additive:
y=oa+pBx+e

while fitting a log-transformed response variable:

logy=o0+PBx+¢

produces a model where the error is multiplicative, i.e., the error is a percentage of the
measured value:

y= e(x+ﬁx of
The error in a model fitted using a log link function is additive, because the equation fitted
is:

log(y+¢€) =a+px

which becomes (the error randomly fluctuates around zero, and negating it changes noth-
ing):

y=ePBrig

If the response variable is transformed, the decision on whether to transform it directly, or
via a link function, is driven by whether the error is thought to be additive or multiplica-
tive; as always, domain knowledge is crucial.

A log link can be specified for glm’s default Normal distribution by passing: family=
gaussian(link="1og"). If this use fails to converge, the Poisson distribution is a good
approximation to the Normal distribution (except when many sample values are close to
zero) and can be substituted when the response variable takes integer values; see fig 7.36.

One advantage of log transforming a response variable is that it reduces the influence of
outliers (because the range of values is compressed). Figure 11.34 illustrates the impact
of removing one highly influential value (circled in red) from the data used to fit a model
using a log link function (blue lines, dashed is after removal), and a model fitted using
a log transformed response variable (red lines, dashed is after rf:moval);"Viii the vertical
shift is the difference between treating measurement error as additive and multiplicative.

The visual appearance of outliers and influential observations plotted using log axis can
be deceiving, i.e., they may not appear to be that far removed from the general trend;
see fig 8.40. As always, assumptions based on visual appearance need to be checked
numerically.

Many data analysts continue to fixate on fitting data whose measurement error has a Nor-
mal distribution. The Box-Cox transformation continues to be used to map a response
variable to have a more Normal distribution-like error. The boxcox function in the MASS
package, and the powerTransform function in the car package, provide support for this
functionality.

iliThe visual difference is less dramatic if the axes are switched.
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Figure 11.33: Code review meeting duration for a given
number of non-comment lines of code; fitted regression
model, assuming errors have a Gamma distribution (red,
with confidence interval in blue), or a Normal distribution
(green). Data from Porter et al.1%7 Github-Local
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Figure 11.34: Annual development cost and lines of
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1962 and 1984, lines show fitted regression models (red:
log transformed, blue: using a log link function) be-
fore(solid)/after(dotted) outlier removed (circled in red).
Data extracted from NeSmith.'3%® Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/faults/meeting-duration.R
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Figure 11.35: Maintenance task effort and lines of code
added+updated, with fitted regression model (red), and

SIMEX adjusted for estimated 10% error (blue). Data
from J;zjrgensen.g45 Github—Local

Professional + + + +

Student 4 ++ ++ +

50 100 150 200 250
Test code changed LOC

Figure 11.36: Regression modeling 0/1 data with a
straight line and a logistic equation. Github—Local
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A traditional approach to simplifying a problem is to map a continuous variable to a
number of discrete values, e.g., small/medium/large. Throwing away information may
simplify a problem, but the cost can be a considerable loss of statistical power and resid-
ual confounding.'®"> Using a computer removes the need to simplify just to reduce the
manual effort needed to perform the analysis. See Github—regression/melton-statics.R for an
example where building a regression model provides a lot more information about the
characteristics of the continuous data, compared to mapping values to large/small and
running a chi-squared test.

Adjusting a fitted model to handle uncertainty in the explanatory variables, when the
model contains a multiplicative error, requires specifying the measurement error for every
value of an explanatory variable. The following option assigns a 10% error: measurem
ent.error=maint$lins_up/10.

A study by Jgrgensen®® investigated maintenance tasks and obtained developer effort and

code change data. Figure 11.35 shows the effort (in days) and number of lines inserted
and updated for 89 maintenance tasks. The original fitted regression line is in red, and the
SIMEX adjusted line is in blue. The call to simex is:

maint_mod=glm(EFFORT ~ lins_up, data=maint,
family=gaussian(link="1og"), x=TRUE, y=TRUE)

y_err=simex(maint_mod, SIMEXvariable="lins_up",
measurement . error=maint$lins_up/10, asymptotic=FALSE)

11.3.4 Binary response variable

When the response variable takes one of two possible values, e.g., (false, true) or (0, 1), it
has a binomial distribution. If the value of the response variable switches from 0 to 1 (or 1
to 0), as the explanatory variable increases (or decreases), and then always has that value
for further increases (decreases) in the explanatory variable, there is no need to build a
regression model (simply find the switch point). When the response variable can have
two possible values over some range of the explanatory variable, regression modeling fits
an equation that minimises some metric for the residual error.

A study by Hofer®? investigated the various aspects of the implementation a problem
by students and professional developers (working in pairs). Figure 11.36 shows the
number of lines of test code changed by students and professionals (measurement de-
noted by the grey plus is treated as an outlier and not included in the model building),
along with fitted regression lines, a straight line and a logistic equation. (For an anal-
ysis of Microsoft’s C/C+ compiler price differential under MSDOS and Windows, see
Github—economics/upgrade-languages.R).

The canonical link function for the Binomial distribution is logit, and the following two
calls are equivalent:

b_mod=glm(y ~ x, data=sample, family=binomial)
b_mod=glm(y ~ x, data=sample, family=binomial(link="logit"))

The equation for the logit link function is:

logiza—i-ﬁx
I—y

where the response has the form of a log-odds ratio. This equation can also be written as:
P . . .
log 5 = o+ Bx, where: p proportion of successes, g proportion of failures (g = 1 — p).

eOtJer

pP= 1+ e+Bx

The values returned by predict, for a fitted binomial model, are in the range 0. .. 1. The
person doing the analysis has to decide the value that divides this continuous range, such
that predictions are either zero or one. One approach is to treat predicted values greater
than 0.5 as predicting one, and predicted values less than or equal to 0.5 as predicting
zero. A more sophisticated approach looks at the distribution of predictions, and makes
an informed trade-off between the true/false positive rate (often calculated using recall
and precision).


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/10-1002_maint-task-data.R
file:///home/ESEUR-code-data/regression/10-1002_maint-task-data.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/developers/74-267-1-PB.R
file:///home/ESEUR-code-data/developers/74-267-1-PB.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/melton-statics.R
file:///home/ESEUR-code-data/regression/melton-statics.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/economics/upgrade-languages.R
file:///home/ESEUR-code-data/economics/upgrade-languages.R
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A ROC curve (receiver operating characteristics; named after a technique originally used
to measure the performance of radio receivers) is a visualization technique showing the
trade-offs between two rates, i.e., the true positive rate and false positive rate; it is a
common technique for displaying the trade-offs from predictions returned by machine
learning models. The ROCR package supports the creation and plotting of ROC curves.

The columns in table 11.1 show an example of the impact of selecting particular cut-off
values, for distinguishing between true/false (for 10 data points). Reading left-to-right,
at a cut-point of 0.9 there is one correct prediction (a true positive), at a 0.81 cut-point
another correct prediction, while at 0.72 an incorrect prediction (a false positive) is made
(at this cut-point the response rate for correct predictions is 40% and 20% for incorrect
predictions).

t t f t f t f t

09 081 072 060 053 044 039 0.28

f

f

0.16  0.09

Table 11.1: Example list of prediction outcome occurring at various cut-point values. Github—Local

Figure 11.37 shows the ROC curve for this data.

11.3.5 Multinomial data

When a discrete response variable takes on more than two values, it has a multinomial
distribution.

nominal: when a response variable can take N distinct values and 7; is the probability
of the i* value occurring (Zf\’:l 7; = 1), then the baseline-category logit model (with one
explanatory variable, x, in this example) is:

T
log = = o4, + Bix, forn=1,...,N— 1.
N

Fitting a model results in N — 1 equations, with separate coefficients for each.

The mlogit package supports the building of multinomial logit models for response vari-
ables containing nominal data.

ordinal: fitting an independent logit model to each pair of adjacent values (as is done for
nominal models) fails to make use of all the available information; the logit function can
be extended to include the ordering information present in ordinal data.

Given an ordinal response variable, Y, that can appear in one of j = 1,... N possible
categories, then Y has a multinomial distribution; its cumulative probability is given by:

P(Y; < j)=m +mp + -+ my, where: 7;; is the probability that the i measurement
appears in response category j, and ZZJVZI =1
The cumulative logits treats P(Y < j) as the response variable in a model fitting process

that uses a logit link function (other, related functions can be used).

The ordinal package supports the building of cumulative link models, also known as
ordinal regression models.

A study by Luthiger and Jungwirth!!7% investigated the importance of fun as a motivation
for software development. The survey, which had 1,330 responses from people working
on open source projects, asked for an estimate of the percentage of their spare time people
spent on activities involving open source development. Possible answers were restricted
to intervals of 10%, an ordinal scale. The c1lm functions fits a cumulative link model;
predict returns a vector of predictions, one for each ordinal value (six vectors in this
example):

library("ordinal™)
f_mod=clm(g42 ~ g31, data=fasd) # Best fitting model is g42 ~ g5+g29+g31
pred=predict(f_mod, newdata=data.frame(q31=1:6))

plot(-1, type="n", xlim=c(l, 6), ylim=c(0, 0.6),
xlab="Answer given to g31", ylab="Probability\n")

dummy=sapply(1:10, function(X) lines(1:6, pred$fit[ ,X], col=pal_col[X]))
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Figure 11.37: ROC curve for the data listed in table 11.1.
Github-Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/ROC_curve.R
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Figure 11.38 shows the probability of a subject giving an answer within a given 10%
band, given their answer to question q31 (the formula: g42 ~ q5+q29+q31, is a better fit,
but is not easily plotted in 2-D).

11.3.6 Rates and proportions response variables

When dealing with a response variable that is a rate or proportion, there is a fixed lower
and upper bound, e.g., 0 and 100. Measurements within a fixed interval often share two
characteristics: they exhibit more variation around the mean and less variation towards
the lower and upper bounds,*™, and they have an asymmetrical distribution. These char-
acteristics can be modeled by a Beta equation. A regression model where the response
variable is fitted to a Beta equation is known as a Beta regression model.

The betareg package contains functions that support the fitting of Beta regression mod-
els. When fitting basic models, calls to betareg have the same form as calls to glm; both
functions include options that are not supported by the other.

Figure 11.39 shows fitted curves from a beta regression model (red), bootstrapped con-
fidence intervals (blue), and a call to glm (green); the study that produced the data is
discussed elsewhere, see fig 6.54. The equation fitted is: mutantsyeq =< /coverage, and
was chosen because it is something simple that works reasonably well. Searching for the
best fitting exponent, using nls (the betareg package does not support fitting non-linear
models), shows that 0.44 is a better fit than 0.5 for this sample.

The summary output for a Beta regression model includes extra information, as follows:
Github—Local

Call:
betareg(formula = y_measure ~ I(x_measurer0.5))
Standardized weighted residuals 2:

Min 1Q Median 3Q Max
-2.6881 -0.6403 -0.1279 0.6399 3.1829

Coefficients (mean model with logit link):

Estimate Std. Error z value Pr(>|z]|)
-2.5460 0.1891 -13.46 <2e-16
4.7093 0.3502 13.45 <2e-16 *#x

(Intercept)
I(x_measure”0.5)

Phi coefficients (precision model with identity link):

Estimate Std. Error z value Pr(>|z]|)
(phi) 4.9641 0.5386 9.217 <2e-16
Signif. codes: 0 ’xx+’ 0.001 ’=+’ 0.01 '+’ 0.05 ’.” 0.1’ ’ 1

Type of estimator: ML (maximum likelihood)
Log-likelihood: 80.37 on 3 Df

Pseudo R-squared: 0.6323

Number of iterations: 13 (BFGS) + 1 (Fisher scoring)

The phi coefficient (the Greek letter ¢) is the second coefficient of the fitted Beta distri-
bution, B(l,¢).

The predict function returns the expected value of the response variable, E(y) = u, but
does not support a se.fit option (when passed a Beta regression model). The bootstrap
can be used to calculate a confidence interval from the predictions made by many models,
as follows:

library("betareg")
library("boot™")

boot_reg=function(data, indices)

{

cov_data=data[indices, ]

b_mod=betareg(mut_cov ~ I(path_covA0.5), data=cov_data)

# A vector must be returned, i.e., no data frames
return(predict(b_mod, newdata=data.frame(path_cov=x_vals)))

3

XiXThe measurement sample is heteroskedastic.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/developers/LuthigerJungwirth.R
file:///home/ESEUR-code-data/developers/LuthigerJungwirth.R
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cov_boot=boot (pm_info, boot_reg, R = 4999)

ci=apply(cov_boot$t, 2, function(X) quantile(X, c(0.025, 0.975)))
lines(x_vals, ci[1l, ], col=pal_col[3])
lines(x_vals, ci[2, ], col=pal_col[3])

The default link function used by the betareg function is logit, the same default link used
by glm, for the argument family=binomial.

11.4 Multiple explanatory variables

Linear regression can be used to fit models containing more than one explanatory variable;
multiple regression is the term used for modeling with more than one explanatory variable
(the term bivariate regression is sometimes applied to the single explanatory variable+re-
sponse variable case). In theory there is no limit on the number of explanatory variables,
but in practice available processing resources, and the need to hold data in storage set an
upper bound.

Visualization is much more complicated when there are multiple explanatory variables.
Chapter 8 contains examples for visualizing two variables, and the general approach is to
break down multiple regression visualization into pairs of variables.

System performance is affected by many factors; figure 11.40 shows SPECint 2006 re-
sults for processors running at various frequencies (upper), color coded by memory chip
frequency (center) and name of processor family (lower).

The SPECint results include 36 columns of information relating to the benchmarked sys-
tem. Which of these columns contains information that can be used to succinctly model
the performance of a system, and what equation best describes the form of their contribu-
tion?

The R formula notation includes a symbol that denotes all columns in the data frame as
explanatory variables, except the one specified as the response variable; the dot symbol is
used as follows:

spec_mod=glm(Result ~ ., data=cint)

Given enough cpu power and memory, it can be more productive to start by considering all
explanatory variables and remove underperforming variables, rather than starting with the
explanatory variables believed to be the most important and then adding more variables.

The stepAIC function, in the MASS package, automates the process of removing underper-
forming explanatory variables from a fitted model, to create a model having a minimum
AIC (the step function, in the base system, is a rather minimal implementation).**

When some domain knowledge is available (e.g., performance often correlates with clock
rate and is not usually affected by date of execution), experimentation of fitting models
containing explanatory variables considered to be most likely to have a large impact on
the response variable, can help refine the analyst’s appreciation of the impact of different
explanatory variables on overall performance.

For this SPEC dataset, there is so much detail recorded in the Processor column of the
Spec results, that each entry is often unique; making it possible to create an almost perfect,
but completely uninformative, model using just this one explanatory variable.

The following model explains 80% of the variance in the Result values:

spec_mod=glm(Result ~ Processor.MHz+mem_rate+mem_freq, data=cint)

where: Processor.MHz is the processor clock rate, mem_rate the peak memory transfer
rate and mem_freq the frequency at which memory is clocked.

The + binary operator, in the above formula, specifies that explanatory variables are added
together. The summary output shows that the equation fitted by glm is:
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Figure 11.40: SPECint 2006 performance results for pro-
cessors running at various clock rates, memory chip fre-

quencies and processor family. Data from SPEC.!7#?
Github-Local

Result = —2.4-10" + Processor.MHz1.3 - 1073 + mem_rate2.5 - 107> + mem_freq1.0- 1072

*XThis fishing expedition approach to model building requires that p-values be suitably reduced, e.g., using
a Bonferroni corrected value.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/SPEC-Mhz.R
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Figure 11.41: Component+residual plots for three
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With a single explanatory variable, it is easy to visually compare model predictions
against measured values; with multiple variables things are not so simple. One approach
is to analyse the impact of each variable, on predictions, in turn.

The crPlot and crPlots functions, in the car package, produce a component+residual
plot (also known as a partial-residual plot); the y-axis contains the predicted value plus
the residual, the x-axis contains the value of the explanatory variable:

library("car")
spec_mod=glm(Result ~ Processor.MHz+mem_rate+mem_freq, data=cint)

crPlots(spec_mod, term= ~ ., layout=c(3, 1), col=point_col,
cex.lab=1.5, cex.axis=1.5, ylab="Component+Residuals\n", main="")

Figure 11.41 shows the component+residual plots produced by the above code. The red
dotted line is derived from the fitted model, and the green line a loess fit; if the form of an
explanatory variable, in the formula used to fit a model, is close to reality, the two lines
will be closely intertwined. For the SPEC model there is consistent divergence of the two
lines, over ranges of the measurement interval, for two variables and perhaps some for a
third.

Experience of hardware characteristics suggests that performance does not increase for-
ever, as clock rates are increased. Adding quadratic forms of the explanatory variables to
the model is a step up in complexity, to try out with a fitted model (an exponential is more
realistic, in that its maximum converges to a limit, but this form of modeling requires the
use of non-linear regression, which is covered later).

Adding quadratic terms, for two of the three explanatory variables, to the fitted model
explains another 4% of the variance, but significantly reduces the error at higher processor
and memory frequencies; see figure 11.42.

Some of the systems benchmarked contained error correcting memory, which might be
expected to slightly reduce performance. The update function can be used to add, or
remove, explanatory variables from a previously fitted model. The following code adds
the variable ecc to the previously fitted model, spec_mod:

ecc_spec_mod=update(spec_mod, . ~ . + ecc)

The advantage of using update is a reduction in the system resources needed to fit the
model, compared with starting from the beginning again.

The summary output shows that systems containing error correcting memory have slightly
better performance. Before jumping to the conclusion that adding error correction im-
proves system performance, it is worth noting that this kind of memory tends to be used
in high-end systems, where it is likely that money has been spent to improve performance
and reliability.

The choice of cpu and memory frequency is based on information that is not present in
the SPEC result data, the intended price point the computing system is designed to be sold
at, and the trade-off in the cost/performance of the components needed to build it.

What contribution does each explanatory variable make to a fitted model? Some ways in
which individual contributions can be measured include:

« the amount of variance, in the response variable, explained by an explanatory variable.

The calc.relimp function, in the relaimpo package, calculates the contribution made
by each explanatory variable to the variance explained by the fitted model,

* the impact each explanatory variable can have on the range of values taken by the re-
sponse variable (with all other explanatory variables maintaining a fixed value).

For very simple models, **' one way of calculating the maximum impact on the value

of the response variable is by multiplying the minimum/maximum value taken by an
explanatory variable by the corresponding coefficient in the fitted model. For instance,
range(cint$Processor.MHz)«7.3+10" -3 evaluates to 11.68 35.04, a difference of
23.36.

The visreg function, in the visreg package, produces a visual representation of the
impact of each explanatory variable on the response variable.

iThose that are linear in the explanatory variable, with no interactions between variables.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/SPEC-resid-MHz-DDR.R
file:///home/ESEUR-code-data/benchmark/SPEC-resid-MHz-DDR.R
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Nomograms are a visual method for calculating the value of a response variable when
each explanatory variable has a particular value: the DynNom function in the DynNom
package supports interactive exploration of model behavior in a web browser.

Normalising values prior to fitting a model is sometimes suggested (e.g., using the
scale function); the relative values of the model coefficients can then be directly com-
pared. This method only works when all explanatory variable values are drawn from a
Normal distribution.

The relaimpo package supports a variety of functions’* for calculating the relative con- iz
tribution made to a model by each explanatory variable it contains. For instance, the

calc.relimp function calculates: first, the variance explained by a model containing <401
just each variable, last, the variance explained when a variable is added to a model that §35
already contains the other variables, betasq, the standardized coefficients of the model §30_
(i.e., one fitted after normalising the data; effectively a metric for the contribution of each g ]
explanatory variable to the response variable value), and 1mg (named after the initials of =2
its creators), the variance explained by each variable; the boot.relimp function returns 207

confidence intervals for these values. 1500 o0 am00 200
library("relaimpo") Processor.MHz

spec_mod=glm(Result ~ Processor.MHz+I(Processor.MHzA2)+mem_rate 401
+ I(mem_rateA2)+mem_freq, data=cint) 351
. . 230
# How much does each explanatory variable contribute? <
calc.relimp(spec_mod, type = c("first", "last", "betasq", "lmg")) 5'25'
220
The calc.relimp output is: Github-Local 151
101 :
Response variable: Result v.
Total response variance: 81.56 4000 8000 12000 16000
Analysis based on 1346 observations mem_rate

5 Regressors:

Processor.MHz I(Processor.MHzA2) mem_rate I(mem_rate/r2) mem_freq 40
Proportion of variance explained by model: 83.77% s
Metrics are not normalized (rela=FALSE). 5—35'
. . £30-
Relative importance metrics: g
=251
Img last  first betasq :
Processor.MHz 0.06189 0.017807 0.04609 0.6888 201 ‘
I(Processor.MHzA2) 0.04556 0.005698 0.02962 0.2201 T T T — T T
mem_rate 0.29380 0.028909 0.55554 2.0853 800 1000 1200 frlez;oo 1600 1800
I(mem_rateAr2) 0.29050 0.006363 0.58253 0.4768 -
mem_freq 0.14598 0.067531 0.28997 0.1258 Figure 11.42: Individual contribution of each explanatory
variable to the response variable in a quadratic model of
Average coefficients for different model sizes: SPECint performance. Github-Local
50
1X 2Xs 3Xs 4Xs 5Xs 16000
Processor.MHz 4.308e-03 1.290e-02 1.568e-02 1.823e-02 1.666e-02
I(Processor.MHzA2) 6.560e-07 -4.894e-07 -9.880e-07 -1.728e-06 -1.788e-06 14000 40
mem_rate 2.343e-03 1.562e-03 2.236e-03 3.303e-03 4.540e-03
I(mem_rateAr2) 1.280e-07 1.488e-07 8.108e-08 -1.286e-08 -1.158e-07
mem_freq 2.429e-02 2.012e-02 1.558e-02 1.457e-02 1.600e-02 i 12000 s
® —
. . . . £ 10000 —
the second set of columns, under the line starting Average coefficients, lists the g ]
model coefficients for each explanatory variable, if that variable were to appear in a model 8000 20
containing X variables (values are averaged over all combinations of other variables). The |
values in the last column (5Xs in this case) are the same as those produced by the summary
. 6000
function for the fitted model. 10
How do changes in the value of each explanatory variable individually affect the value of 4000
the response variable? The visreg package supports functions for plotting the relation-
ship between the response variable and individual explanatory variables (with the other 2000 3000 4000

variables held constant at their median value).

Processor.MHz

Figure 11.42 shows the individual contribution made by each explanatory variable to the Figure 11.43: Contour map of Result values predicted
value of the response variable (along with confidence intervals in grey), for the following by a fitted model of SPECint performance, over range of
model of SPECint performance: Processor.MHz and mem_rate values. Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/SPEC-quad-MHz-DDR.R
file:///home/ESEUR-code-data/benchmark/SPEC-quad-MHz-DDR.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/SPEC-MHz-DDR_visreg2.R
file:///home/ESEUR-code-data/benchmark/SPEC-MHz-DDR_visreg2.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/SPEC-rel-MHz-DDR.R
file:///home/ESEUR-code-data/benchmark/SPEC-rel-MHz-DDR.R
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library("visreg")

spec_mod=glm(Result ~ Processor.MHz + I(Processor.MHzA2)+mem_freq
+mem_rate+I(mem_rateAr2), data=cint)
visreg(spec_mod)

Figure 11.43 shows a contour plot created using the visreg2d function.

Sometimes including an explanatory that has no correlation with the response variable
improves the performance of a model; why does this happen? An explanatory variable
may correlate with the residual of a model, and adding this new variable has the effect of
improving a model by reducing its residual.

11.4.1 Interaction between variables

In the models fitted so far, each explanatory variable has been independent of the others.
The glm function and many other regression modeling functions provide mechanisms
for specifying interactions between explanatory variables, using binary operators in the
formula, such as :, * and ~.

Operator Effect

+ causes both of its operands to be included in the equation.
denotes an interaction between its operands, e.g., a:bora:b:c.

* denotes all possible combinations of + and : operators, e.g., a*b is equivalent to
a+b+a:b.

denotes all interactions to a specific degree, e.g., (a+b+c) "2 is equivalent to

a+b+c+a:b+a:c+b:c.
denotes all variables in the data-frame specified in the data argument except the
response variable.

- specifies that the right operand is removed from the equation, e.g., axb-a is
equivalent to b+a:b.

-1 specifies that an intercept is not to be fitted (many regression fitting functions
implicitly include an intercept).
10 "as-is", any operators in the enclosed expression are not treated as formula

operators, the behavior is that applying outside a formula.

Table 11.2: Symbols that can be used within a formula to express relationships between explanatory variables.

150001

100001
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5000+
& +* B Daily
~ O not Daily
2000 6000 10000 14000
Estimated

Figure 11.44: Estimated and actual effort broken down
by communication frequency, along with individually fit-
ted straight lines. Data from Molgkken-@stvold et al.'30
Github-Local

As with all data analysis, the choice of interactions between explanatory variables should
be driven by domain knowledge. When there is a lot of uncertainty about which inter-
actions are significant, it may be easiest to start by specifying all pairs of interactions
between variables (or triple interactions if there are not too many variables), and to then
simplify, either automatically using stepAIC, or through manual inspection of summary
output of the fitted models.

Stepwise regression techniques, such as that provided by stepAIC, can return models that
suffer from a variety of problems, such as overfitting. There are techniques available to
help avoid these problems; the train function in the caret package supports some of
these techniques. The glmulti package automates the process of finding an optimal, in
a sense specified by the user (e.g., minimise AIC or some other measure), explanatory
variable interaction; a list of variables is specified, and the function permutes through the

non nn

possibilities, e.g., glmulti("y", c("a", "b", "c", "d"), data=some_data).

A study by Molgkken-@stvold and Furulund'3%® investigated the impact of daily com-
munication between the customer and contractor on the accuracy of effort estimates, for
18 software projects. Figure 11.44 shows estimated vs. actual effort broken down by
communication frequency (i.e., daily or not daily), along with individually fitted straight
lines.

It is possible to fit one regression model that simultaneously fits both straight lines to this
data; the following code shows one possibility:

sim_mod=glm(Actual ~ Estimated+Estimated:Communication, data=sim)

The fitted equation is (based on summary output):


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/projects/simula_0a.R
file:///home/ESEUR-code-data/projects/simula_0a.R
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Actual = —270.1 + 1.18Estimated + 0.51Estimated x D
= —270.1+ (1.18 4+ 0.51D)Estimated

where: Actual is the actual and Estimated the estimated effort, and D has one of two
values:

_ )1 daily communication
0 not daily communication

Is this formula the best fit possible using the available data? The formula used was se-
lected by your author, because of a belief that the benefit of communication will increase
as project size increases.

There are six data points for each of the 18 projects, computationally small enough for the
brute force approach of examining all possible models; but with only 18 projects, some
formula possibilities cannot be fitted because they contain more variables than available
data points (a unique solution requires fewer variables than data points).

The formula in the following code fits four explanatory variables individually, plus each
variable paired with every other variable (one at a time). stepAIC is used as a quick
way of removing explanatory variables that are not paying their way (automatic model
selection is fraught with problems, with perhaps the largest being that it allows analysts
to stop thinking about the data):

sim_mod=glm(Actual ~ (Estimated+Communication+Contract+Complexity)A2, data=sim)

min_sim=stepAIC(sim_mod)
summary(min_sim)

This book fits regression models as a means of building understanding, and minimising
AIC is often a useful step along the way. Another way of removing low impact variables
from a model is to consider the p-value of each fitted component.

The summary output for ordinal and nominal explanatory variables, lists p-values for each
value that these variables take in the data. The Anova function, in the car package, lists
p-values at the variable level, and its output for the above model is: Github—Local

Analysis of Deviance Table (Type II tests)

Response: Actual
LR Chisq Df Pr(>Chisq)

Estimated 45.879 1 1.258e-11 #xx
Communication 17.272 1 3.240e-05 =

Contract 6.767 3 0.07971 .

Complexity 1.543 1 0.21423
Estimated:Communication 2.546 1 0.11060
Communication:Contract 5.020 3 0.17034
Contract:Complexity 3.197 2 0.20224

Signif. codes: 0 ‘#x%’ 0.001 ‘%=’ 0.01 ‘«’ 0.05 ‘.” 0.1 “ " 1

The variable Complexity has the highest p-value, and repeatedly removing the compo-
nent having the highest p-value, for successively smaller models (smaller in the sense of
containing fewer components) leads to the following model:

sim_mod=glm(Actual ~ Estimated+Communication+Communication:Contract, data=sim)

which fits the following equation:

Actual = —274.8 4+ 1.21Estimated + 2625 x \D+
Cp,(1862x!D —197.6 x D)+
Cip(—2270x!D —462.2 x D)+
C,i(—2298x!D —234.3 x D) (11.6)

where the new variables are: Cy, is a fixed price contract, Cy, is a target price contract and
C,; other kind of contract.

0 not target price contract

Co — 1 fixed price contract )1 target price contract
® 0 not fixed price contract r


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/projects/simula_0a-Anova.R
file:///home/ESEUR-code-data/projects/simula_0a-Anova.R
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Figure 11.45: Illustration of the shared and non-shared
contributions made by two explanatory variables to the re-
sponse variable Y. Github—Local
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1 other contract
Cot =
0 not other contract

This model explains a greater percentage of the variance in the data than the first model
fitted, it also has a slightly smaller AIC. While it makes use of extra information (i.e.,
the kind of contract), a more noticeable difference is that Communication has a constant
effect (i.e., it does not increase with estimated size); the case of fixed price contracts, with
no daily communication cries out for attention.

Following the numbers has produced a model that is a better fit to the data, but not to
expectations (which may, of course, be wrong).

11.4.2 Correlated explanatory variables

The mathematics behind many approaches used to fit linear regression models assumes
that explanatory variables are independent of each other. If a linear relationship exists
between one or more pairs of explanatory variables (i.e., a relationship of the form: PV =
a+b x PV;, where PV and PV, are explanatory variables, a is any constant and » a non-
zero constant), then this needs to be taken into account by the model building technique
used. ™"

Multicolinearity is said to occur, when a linear relationship exists between two or more
explanatory variables, the term colinearity is often used when only two variables are
involved.

Figure 11.45 illustrates how the variance in ¥ explained by combining X; and X, may be
less than the sum of the variance explained by each individually, because the two variables
are not independent; there is a shared contribution.

The impact of multicolinearity is to increase the standard error in the calculated value
of the fitted model coefficients (i.e., the f3,), potentially resulting in a model that is not
considered acceptable or is unreliable (in the sense that small changes in the data result
in large changes in the coefficients of the fitted model). The increased uncertainty, in
some variables, will make it more difficult to isolate the effects of individual explanatory
variables and will increase the width of the confidence intervals for the predicted values
of the response variable.

The Variance Inflation Factor (VIF) is a measure of the uncertainty created by the pres-
ence of multicolinearity. The impact of VIF is the same as reducing the sample size.
When no multicolinearity is present, VIF has a value of one. The impact on the standard
error is:

VIF

Estandard < .
observations

When is a VIF value too large? A large VIF is more likely to be acceptable with a large
sample, compared to a small one, e.g., the standard error is proportionally the same for
10,000 observations having a VIF of 400 and for 100 observations having a VIF of 4.

Suggested maximum VIF values appear in print, e.g., 5 or 10 are sometimes suggested.
As always, think about what the VIF value means in the context of how the results will be
used; pick a value that makes sense given the sample size, the error in the measurements
and the level of error that is acceptable in the business context.

The car and rms packages support a vif function, that takes the model returned by a call
to, for instance, glm and returns the VIF for each explanatory variable.

A study by Kroah-Hartman'%*® investigated the amount of change in the Linux kernel
source code occurring between each release. Figure 11.46 shows the number of lines
added, modified and removed, plus overall growth, number of files and total number of
lines at each initial release of the Linux kernel from version 2.6.0 to 3.9 (two outliers have
been excluded).

X3t js ok for a nonlinear relationship to exist in linear models, e.g., PV = a+b x PV%.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/shared-contrib.R
file:///home/ESEUR-code-data/regression/shared-contrib.R
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Building a model of the Linux kernel growth is complicated by the potentially high cor-
relation between some measured variables, including:

* the growth, in lines of code, between releases is the difference between lines added
and lines removed; these three variables are perfectly correlated in that knowing two of
them enables the third to be calculated,

* lines added appears strongly correlated with lines removed. Perhaps existing function-
ality is being rewritten, rather than unrelated functionality being added,

* the decision about whether a line has been modified or removed/added is made algo-
rithmically (rather than asking the developer who made the change). The amount of
misclassified lines is not known,

* system level measurements are also correlated, e.g., number of files and total lines of
code.

Modeling the number of modified lines, using the Kroah-Hartman data, finds that both
lines added and lines removed individually explain around half of the deviance (61%
and 41% respectively). However, combining them in a model does not produce any im-
provement; the following output from summary was obtained by including the argument
correlation=TRUE. Github—Local

Call:
glm(formula = lines.modified ~ lines.added + lines.removed, data = amr_out)

Deviance Residuals:

Min 1Q Median 3Q Max
-72376 -12049 321 11274 54964
Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) 8.705e+04 8.625e+03 10.093 9.40e-14 #xx*
lines.added 9.958e-02 2.093e-02 4.759 1.64e-05
lines.removed -1.500e-02 3.117e-02 -0.481 0.632

Signif. codes: 0 ‘=%’ 0.001 ‘%%’ 0.01 ‘%’ 0.05 “.” 0.1 “ ’ 1

(Dispersion parameter for gaussian family taken to be 639477748)

Null deviance: 6.2276e+10 on 53 degrees of freedom

Figure 11.46: pairs plot of lines added/modified/re-
moved, growth and number of files and total lines in ver-
sions 2.6.0 through 3.9 of the Linux kernel. Data from
Kroah-Hartman.!%® Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/linux-amr-pairs.R
file:///home/ESEUR-code-data/regression/linux-amr-pairs.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/linux-amr-sum.R
file:///home/ESEUR-code-data/regression/linux-amr-sum.R
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Residual deviance: 3.2613e+10 on 51 degrees of freedom
AIC: 1253.1

Number of Fisher Scoring iterations: 2

Correlation of Coefficients:
(Intercept) lines.added

lines.added -0.54

lines.removed -0.06 -0.76

The correlation between the model coefficients appears at the end of the output and
shows a high negative correlation between lines.added and 1ines.removed; the vari-
able lines.added is a better predictor of 1lines.modified and has been selected over
lines.removed (whose p-value is significantly larger than when just this variable ap-
peared in a model).

A call to the vif produces the following: Github—Local

lines.added lines.removed
2.39311 2.39311

With only two explanatory variables, there is no ambiguity about which variables are
involved in a linear relationship, but with more than two variables things are not always
so obvious. The correlation table produced by summary can be used to identify related
variables; the alias function generates just this information, when the argument part
i1al=TRUE is specified.

Approaches to dealing with multicolinearity, to reduce any undesirable impact it may have
on fitting a model, include:

* removing one or more of the correlated explanatory variables. The choice of which
explanatory variables to remove might be driven by:

— the cost of collecting information on the variable(s),

— a VIF driven approach. The process involves fitting a model using the current set
of explanatory variables, removing the explanatory variable with the largest VIF (re-
moving one variable affects the VIF of those that remain and may reduce the VIF
of other variables to an acceptable level) and iterating until all explanatory variables
have what is considered to be an acceptable VIF,

* combining the strongly correlated variables in a way that makes use of all the informa-
tion they contain.

The disadvantages of excluding explanatory variables from a model include:

* ignoring potentially useful information present in the excluded variable,

 creating a model that gives a false impression about which explanatory variables are
important, i.e., readers will assume that the variables appearing in the model are the
only important ones, unless information about the excluded variables is also provided,

* it provides the opportunity for the analyst to select the model that favours the hypothesis
they want to promote (by selecting which explanatory variables appear in the model).

The SPEC power benchmark!7*! is designed to measure single and multi-node server
power consumption, while executing a known load. The results contain 515 measure-
ments of six system hardware characteristics, such as number of chips, number of cores
and total memory, as well as average power consumption at various load factors.

A model of average power consumption, at 100% load, containing a linear combination
of all explanatory variables, shows very high multicolinearity for the number of chips (its
VIF is 27.5 and several other variables have a high VIF; see Github—hardware/SPECpower.R).
Removing this variable reduces the VIF of the remaining variables, but the AIC drops
from 6798.7 to 7182.1. Whether this decrease in model performance is important depends
on the reason for building the model, e.g., prediction or understanding. Do the values of
the model coefficients, after removing this variable, provide more insight than the coeffi-
cient values of the original model? These kinds of questions can only be answered by a
person having detailed domain knowledge. This example shows how removing a variable
solves one problem and raises others.

A study of fault prediction by Nagappan, Zeller, Zimmermann, Herzig and Murphy'3*

produced data containing six explanatory variables having an exact linear relationship


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/linux-amr-vif.R
file:///home/ESEUR-code-data/regression/linux-amr-vif.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/hardware/SPECpower.R
file:///home/ESEUR-code-data/hardware/SPECpower.R
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with other explanatory variables. The glm function detects the existence of this relation-
ship and makes a decision about explanatory variables to exclude from the model (the
value returned for their fitted coefficients is NA); see Github—regression/change-burst-sum.R.

Two explanatory variables having an exact linear relationship will have a correlation of
+1, as a call to alias will show.

11.4.3 Penalized regression

Penalized regression handles multicolinearity by automatically selecting how much each
explanatory variable should contribute to the model; explanatory variables are penalized,
based on their relative contribution to the model. The penalized package supports pe-
nalized regression.

The traditional technique for fitting a regression model involves minimising some measure
of a specified error, where the error is defined to be the difference between actual and
predicted values, e.g., the sum of squared error, whose equation is:

n
SSE=Y" (vi—5)*
i=1

Penalised regression modifies this equation to include a penalty (the A in the equation
below), for the P coefficients in the model (§ in the equation below).

n P P
SSE cner = Z(yi _},)\i)2 +)L] Z |ﬁj| +AZ Z BJZ
i=1 j=1 j=1
This technique of using both first- and second-order penalties is known as the elastic net.
When only the first order term, Ay, is used, it is known as the Least Absolute Shrinkage
and Selection Operator method (lasso). When only the second order term, A, is used, it
is known as ridge regression.

In theory the penalization penalties, A; and A;, are chosen by the analyst. In practice,
software packages provide a function that automatically finds values (using the bootstrap)
that minimise the error.

The lasso tends to pick one from each set of correlated variables and ignores the rest
(by setting the corresponding fs to zero). Ridge regression has the effect of causing the
coefficients, 3, of the corresponding correlated variables to converge to a common value,
i.e., the coefficient chosen for k perfectly correlated variables is %th the size chosen, had
just one of them been used.

The calculation of mean squared error (MSE) adds contributions from both variance and
bias. The default regression modeling techniques are unbiased, i.e., they attempt to min-
imise bias. It is possible to build models with lower MSE by trading off bias for variance
(see Github—hardware/SPECpower.R for an example; in this case the use of penalised regres-
sion makes little difference to the final model).

11.5 Non-linear regression

The regression models fitted in earlier sections are linear models because the coefficients
of the model (e.g., B in the equation at the start of this chapter) are linear (the form of
the explanatory variables is irrelevant). In a non-linear regression model one or more of
the coefficients have a non-linear form, e.g., 0; in the following equation:

y=oy+pix% +¢

Table 11.3 lists some commonly occurring non-linear equations, and figure 11.47 illus-
trates example instances of these equations.

The nls function (Nonlinear Least Squares) is part of the base system and can be used
to build non-linear regression models; it requires that the response variable error have a
Normal distribution (glm’s default behavior). The gnm package (Generalized nonlinear
models) contains support for other forms of error distribution.

From the practical point of view there are several big differences between using glm and
using nls, including:

ﬁ eibull Biexponential
/Exponential Gompertz icker curve
gistic Bell-shaped

Figure 11.47: Example plots of functions listed in ta-
ble 11.3. These equations can be inverted, so they start
high and go down. Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/nonlin-ex.R
file:///home/ESEUR-code-data/regression/nonlin-ex.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/change-burst-sum.R
file:///home/ESEUR-code-data/regression/change-burst-sum.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/hardware/SPECpower.R
file:///home/ESEUR-code-data/hardware/SPECpower.R
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Shape Name Equation
Asymptotic growth to a limit ~ Michaelis-Menten y=7 f;x
Asymptotic growth to a limit ~ Exponential y=a(l—be )
S-Shaped Logistic y=a+ Hf@%“xw
S-Shaped Weibull y=a— be="
S-Shaped Gompertz y=uae" "
Humped Bell-shaped y= ae~lbal?
Humped Biexponential y=ae P —ce
Humped Ricker curve y = axe >

Table 11.3: Some commonly encountered non-linear equations, see figure 11.47.

5001 s B Exponential
+ O Michaelis—Menten
O Gompertz
B Weibull
400
@ |
(8]
& 3001
()
£
|_
2001
1001

0 5 10 15
L2 cache size (MB)
Figure 11.48: Time to execute a computational biology
program on systems containing processors with various

L2 cache sizes. Data kindly provided by Hazelhurst.”**
Github-Local

* nls may fail to fit a model; the techniques used to find the coefficients of a non-linear
model are not guaranteed to converge,

* nls may return a fitted model that differs from the actual solution; the techniques used
to find the coefficients of a non-linear model may become stuck in a local minimum,
that is good enough, and fail to find a better solution,

* nls often requires the analyst to provide estimate(s) for the initial value of each model
coefficient, that is close to the final values (using the start argument),

* names for the model coefficients being estimated have to explicitly appear in the for-
mula (i.e., implicit names are not created automatically),

* the operators appearing in the expression to the right of ~ have their usual arithmetic
interpretation, i.e., the R formula specific behaviors listed in table 11.2 do not apply.

The biggest problem with fitting non-linear regression models, is finding a combination
of starting values that are good enough for nls be able to converge to a fitted model.
Possible techniques for finding these values include:

* using a "self-start" function, if available (e.g., SSlogis for Logistic models); these
attempt to find good starting values to feed into nls, and functions, in turn, may require
starting values (but at least there is a known method for calculating them),

* fitting a linear model that is close enough to the non-linear model and working with the
coefficients of the fitted linear model as possible starting values,

* using the argument trace=TRUE, which outputs the list of model coefficients that are
being used internally, as a source of ideas,

* picking a few points in the plotted data that a fitted line is likely to pass through and
calculating values that would result in the equation being fitted, passing close to these
points.

A study by Hazelhurst’** measured the performance of various systems running a com-
putational biology program. Figure 11.48 shows four non-linear equations fitted to one

LXXiii

processor characteristic (L2 cache size). The calls to nls are as follows:
b_mod=nls(T1 ~ c+a*exp(b*L2), data=bench, start=1ist(a=300, b=-0.1, c=60))
mm_mod=nls(T1l ~ (1+b*L2)/(a*L2), data=bench, start=list(b=3, a=0.004))
gm_mod=nls(T1l ~ a/exp(bvexp(-c*L2)), data=bench,

start=1ist(a=80, b=-1, ¢=0.1), trace=FALSE)
Asym = 0.0125

Drop = 0.002
1rc = -1.0
pwr = 2.5

# 1/SSweibull does not have the desired effect, so have to invert the response.
getInitial(1/T1 ~ SSweibull(L2, Asym, Drop, lrc, pwr), data=bench)
wb_mod=nls(1/T1 ~ SSweibull(L2, Asym, Drop, lrc, pwr), data=bench)

At the start of this chapter, various linear models were fitted to the growth of Linux, see
fig 11.7. Polynomials containing integer powers were used, perhaps the data is better fitted
by a polynomial containing non-integer powers. The following call to nls attempts to fit
such an equation, it uses starting values extracted from the quadratic model fitted earlier:

Xt is difficult to separate inspiration from suck it and see, in this process.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/50-241_updated.R
file:///home/ESEUR-code-data/regression/50-241_updated.R
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ml=nls(LOC ~ a+b*Number_days+Number_daysAc, data=h2,
start=1ist(a=3e+05, b=-4e+2, c=2.0))

The summary and AIC output is: Github—Local

Formula: LOC ~ a + b * Number_days + Number_days*c

Parameters:

Estimate Std. Error t value Pr(>|t|)
a -1.679e+05 2.969e+04 -5.656 2.61e-08 *=*=
b 7.319e+02 3.463e+01 21.131 < 2e-16 =
c 1.806e+00 4.616e-03 391.211 < 2e-16 %

Signif. codes: 0 ‘#xx’ 0.001 ‘#+’ 0.01 ‘%’ 0.05 ‘.” 0.1 “ ’ 1

Residual standard error: 231800 on 498 degrees of freedom

Number of iterations to convergence: 5
Achieved convergence tolerance: 4.299e-06

[1] "AIC = 13805.2100165816"

showing that the equation:

sloc = (—1.68-10° £3-10*) + (7.32- 102 £ 3.5 - 10" ) Number_days + Number_days"5'=+610"

is a slightly better fit than a cubic equation (i.e., a lower AIC) and also predicts continuing
growth (unlike the cubic equation).

It is possible that further experimentation will find a polynomial model with a lower AIC.
However, the purpose of this analysis is to understand what is going on, not to find the
equation whose fitted model has the lowest AIC.

A more practical issue is to create a model that makes what are considered to be more
realistic future predictions. The growth in the number of lines in the Linux kernel will not
continue forever, at some point the number of lines added will closely match the number
of lines deleted. One commonly seen growth pattern, starts slow, has a rapid growth
period, followed by a levelling off converging to an upper limit, i.e., an S-shaped curve.
The Logistic equation is S-shaped and is often used to model this pattern of growth; the
equation involves four unknowns (third row in table 11.3).

Fitting a Logistic equation the hard and easy (when it works) way:

# suck it and see...

m3=nls(LOC ~ a+(b-a)/(1+exp((c-Number_days)/d)), data=h2,
start=1ist(a=-3e+05, b=4e+6, ¢=2000, d=800))

# no thinking needed, SSfpl works out of the box for this data :-)

m3=nls(LOC ~ SSfpl(Number_days, a, b, c, d), data=h2)

The AIC for the fitted Logistic equation is slightly worse than the cubic polynomial
(13,273 vs. 13,220), but a lot better than the quadratic fit and it predicts a future trend
that is likely to occur, eventually.

While the predict function includes parameters to request confidence interval and stan-
dard error information, support for both is currently unimplemented for models fitted
using nls. The confint function, in the MASS package, when passed a model built using
nls, returns the confidence intervals for each model coefficient; bootstrapping can also
be used to find confidence intervals.

Figure 11.49 shows the fitted model predicting a slow down in growth, with the maximum
being reached at around 10,000 days. Who is to say whether this prediction is more likely
to occur, over the specified number of days, than the continuing increase predicted by the
quadratic model? Given that the one explanatory variable used to fit the models, time,
does not directly impact the production of source, it is no surprise that the predictions of
future behavior made by the various models vary so wildly.

One technique for getting a rough idea of the accuracy of the future predictions made by
a model, is to fit models to subranges of the data, and then check the predictions made
against the known data outside the subrange. Figure 11.50 shows logistic equations fitted
to subranges of the data, e.g., all data up to 2900, 3650, 4200 number of days and all days.
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Figure 11.49: A logistic equation fitted to the lines of code
in every non-bugfix release of the Linux kernel since ver-
sion 1.0. Data from Israeli et al.”> Github—Local
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Figure 11.50: Predictions made by logistic equations fitted
to Linux SLOC data, using subsets of data up to 2900,
3650, 4200 number of days and all days since the release
of version 1.0. Data from Israeli et al.®*? Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/linux-logistic.R
file:///home/ESEUR-code-data/regression/linux-logistic.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/linux-logistic-fut.R
file:///home/ESEUR-code-data/regression/linux-logistic-fut.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/linux-nonint-poly.R
file:///home/ESEUR-code-data/regression/linux-nonint-poly.R
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The lesson to learn from figure 11.50 is to be careful what you ask for, asking for a
logistic equation fitted to the data may get you one. The fitting process is driven by your
expectations (in the form of a formula), and the data it is given.

The processes generating the data fitted by a Logistic equation may not in themselves
follow this pattern, the contributions of independent processes may combine to create
an emergent pattern. A study by Grochowski and Fontana’** showed that increases in
the density of data stored on hard disks could be viewed as a sequence of technologies
that each rapidly improved, e.g., magneto-resistive and antiferromagnetically-coupled.
Figure 11.51 shows the areal density (think magnetic domains) of various models of hard
disk on first entering production. Improvements in each technology can be fitted with its
own Logistic equation, as can the overall pattern of performance improvements.

A codebase showing some evidence of having completed its major expansion phase is
glibc, the GNU C library (i.e., its growth rate has levelled off); see figure 11.52. The
summary of the fitted model is (the SSfpl function automatically estimates initial values
for a Logistic equation): Github—Local

Plugging the fitted model coefficients into the Logistic equation give:

1115 — (—28)
+ ¢(3652—Days) /935

KLOC = -28 + ]

Since these measurements were made, the C Standard’s committee, JTC1 SC22/WG14,
have started work on revising the existing specification; the model’s prediction that glibc
will max out at around 1,115,000 lines is unlikely to remain true for many more years.

A study by Chen, Groce, Fern, Zhang, Wong, Eide and Regehr345 investigated fault ex-
periences in a C compiler and JavaScript engine, by having them process randomly gen-
erated programs. Some programs failed to be correctly processed (1,298 in gcc and 2,603
in Mozilla’s SpiderMonkey), and many of these failures could be traced back to the same
few underlying mistakes in the code, i.e., some fault experiences were encountered more
often than others. Figure 11.53 shows the number of failing programs that could be traced
back to the same mistake, the curved green line is a regression fit (a biexponential, or
double exponential); the two straight lines are the exponentials that are added to form the
bi-exponential.

The nls has a SSbiexp starter function, which performs poorly for this data (or, at least,
your author could not make it do well).

The sample contains count data, with many very small values, implying a Poisson er-
ror distribution. The gnm function, in the gnm package, has an option to select an error
distribution.

The formula notation used by gnm is based on function calls,'® rather than the binary

operators used by glm and nls. The formula argument in the following call (used to fit the
model plotted in figure 11.53), contains two exponentials (specified using the instances
function), the literal 1 is a placeholder for an unknown constant multiplied (the Mult
function) by an exponential (the Exp function); as with calls to nls, starting values are
required:

library('"gnm")

fail_mod=gnm(count ~ instances(Mult(l, Exp(ind)), 2)-1,
data=wrong_cnt, verbose=FALSE,
start=c(2000.0, -0.6, 30.0, -0.1),
family=poisson(link="identity"))

See fig 6.25 for a discussion of one possible reason the biexponential is such a good fit.

Various natural processes can be modeled using a sum of (possibly) many exponentials,
and specific techniques have been created to fit data to this specific non-linear case; some
of these technique have the advantage of being able to operate with a very approximate
starting estimates of the exponent.

The mexpfit function, in the pracma package, implements one such technique. Support
is rudimentary, at the time of writing, but mexpfit can save a lot of time by providing a
workable estimate for a call to gnm.

library("pracma")

me_mod=mexpfit(wrong_cnt$ind, wrong_cnt$count, pO=c(-0.9, -0.1))
print(me_mod) # no summary support, at the time of writing


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/Grochowski.R
file:///home/ESEUR-code-data/regression/Grochowski.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/ecosystems/glibc_evo.R
file:///home/ESEUR-code-data/ecosystems/glibc_evo.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/ecosystems/glibc_evo-summary.R
file:///home/ESEUR-code-data/ecosystems/glibc_evo-summary.R
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11.5.1 Power laws

Plotting values drawn from a power law distribution using a log scale for both axis, pro-
duces a straight line. This straight line characteristic is not unique to power laws, it can
also appear to occur with samples drawn from other distributions, e.g., an exponential
distribution;**"V see section 7.1.3.

The poweRlaw package includes functions for fitting and checking whether a power law
is likely to be a good fit for a sample.?’!

When the model being fitted contains one explanatory variable, thought to have the form
of a power law, functions from the poweR1law package can be used. However, this package
does not support more complicated models, and so other regression modeling functions
have to be used when a power law is one of multiple components in a model, e.g., nls.

A study by Queiroz, Passos, Valente, Hunsen, Apel and Czarnecki!540 analysed the con-

ditional compilation directives (e.g., #ifdef) used to control the optional features in 20
systems written in C. Researchers in this area use the term feature constant to denote
macro names used to control the selection of optional features and scattering degree to
describe the number of ifdefs that refer to a given feature constant, e.g., if the macro
SUPPORT_X appears in two ifdefs, it has a scattering degree of two.

Figure 11.54 shows the total number of feature constants (y-axis) having a given scattering
degree (x-axis) in these 20 systems, lines are a power law (red) and exponential (blue) of
fitted models; the numbers are the p-values for the fit (higher is better, i.e., fail to reject
the hypothesis). This analysis is a fishing expedition involving 20 systems, and a power
law is suggested by the visual form of the plotted data; with multiple tests it is necessary
to take into account the increased likelihood of a chance match.

If 0.05 is taken as the p-value cutoff, for one test, below which the distribution hypothesis
is rejected, then (1 —0.95%%) — 0.64 is the cutoff when 20 tests are involved. Some
systems have p-values above the cutoff for one of the power law or exponential fitted
models, and so the given distribution is not rejected for these systems.

The poweRlaw package supports discrete and continuous forms of heavy tailed distribu-
tions. The scattering degree is an integer value, and the following code fits both a discrete
power law and exponential to the data (the continuous forms are conpl and conexp re-
spectively):
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Figure 11.53: Number of failing programs caused by
unique fault experiences in gcc (upper) and SpiderMonkey
(lower). Fitted model in green, with two exponential com-
ponents in red and blue. Data kindly provided by Chen.?*
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roughly along a straight line, are a common occurrence.

Figure 11.54: Power law (red) and exponential (blue) fits
to feature macro usage in 20 systems written in C; fail to
reject p-value for 20 systems is 0.64. Data from Queiroz
et al.!3® Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/reliability/pldi13.R
file:///home/ESEUR-code-data/reliability/pldi13.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/2015_sosym/2015_sosym.R
file:///home/ESEUR-code-data/regression/2015_sosym/2015_sosym.R
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library("poweRlaw")

# Fit scattering degree

# displ is the constructor for the discrete power law distribution
pow_mod=displ$new(FS$sd)

exp_mod=disexp$new(FS$sd) # discrete power exponential

# Estimate the lower threshold of the fit
pow_mod$setXmin(estimate_xmin(pow_mod))
exp_mod$setXmin(estimate_xmin(exp_mod))

# Plot sample values

plot(pow_mod, col=point_col, xlab="Scattering degree", ylab="")
lines(pow_mod, col=pal_col[1]) # Plot fitted line
lines(exp_mod, col=pal_col[2])

# Bootstrap to test hypothesis that sample drawn from a power law
bs_p=bootstrap_p(pow_mod, threads=4, no_of_sims=500)
text (40, 0.5, bs_p$p, pos=2, col=pal_col[1l]) # Display value

The power law equation includes a minimum value of x, scattering degree in this case,
below which it does not hold. The estimate_xmin function estimates the value, x,,
that minimises the error between the fitted model and the data. The new function, called
by the constructor, sets x,;, to the minimum value present in the data. It is common for
power laws to fit a subset of the data.

11.6 Mixed-effects models

Mixed-effects models are used to model measurements of multiple correlated measure-
ments of the same subjects (e.g., before/after measurements of the same subject), and
clusters of related subjects. The regression techniques discussed so far assume that mea-
surements are not correlated with each other.

In a mixed-model the explanatory variables are classified as either a fixed-effect, or a
random-effect (sometimes called a covariate). Technically the effects are not fixed and
are not random™’. One way to think about classifying the two kinds of explanatory
variables, is to look at the impact they have on the response variable:

* fixed effects influence the mean value of the response variable, and are associated with
the entire population,

» random effects influence the variance of the response variable, and are associated with
individual subjects.

A study by Balaji, McCullough, Gupta and Agarwal'?>* measured the power consumption

of six different Intel Core i5-540M processors executing the SPEC2000 benchmark at
various clock frequencies; the six processors are a sample of the entire population of Intel
Core 15-540M processors. The power consumption characteristics might be modeled by
combining the data from all six processors; the following is the summary output for this
model: Github—Local

Call:
glm(formula = meanpower ~ frequency, data = power_bench)

Deviance Residuals:
Min 1Q Median 3Q Max
-1.5746 -0.1882 0.0413 0.1902 2.2965

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 2.12594 0.01506 141.2 <2e-16 =xx
frequency 1.95248 0.00767 254.6 <2e-16

Signif. codes: 0 ‘=%’ 0.001 ‘=%’ 0.01 ‘+” 0.05 ‘.’ 0.1 “ ’ 1

**VSome authors point this out, and then proceed to use what they consider to be more technically correct
terms, this book follows common usage because it is common; these terms crop up as named parameters in
functions, and appear in output information.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/hotpower-simp.R
file:///home/ESEUR-code-data/regression/hotpower-simp.R
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(Dispersion parameter for gaussian family taken to be 0.1429928)

Null deviance: 10692.7 on 9980 degrees of freedom
Residual deviance: 1426.9 on 9979 degrees of freedom
AIC: 8916.2

Number of Fisher Scoring iterations: 2

This model does not provide any information about how performance varies between
processors. The identity of the processor measured could be included in the model (see
Github—regression/hotpower-proc.R), but this is a model of the sample, and it cannot be used
to deduce anything about the population from which it was drawn.

How might the sample of processors be modeled in a way that provides an estimate of
population variability? Possible techniques include:

* building a regression model for each processor, and average these six models in some
way, e.g., use the coefficients from each of the six models to build a regression model
that is a model of models,

Electronic circuit theory tells us that processor power consumption is proportional to
clock frequency, and figure 11.55 shows the results of fitting a separate straight line to
the data for each processor.

* building a mixed-effects model. A mixed-effects model (also known as a hierarchical
model) might be viewed as a model of models; mathematically it uses a more direct
approach, making more effective use of the available data than the method described
above.

A number of different packages are available for fitting mixed-effects models, this book
uses 1me4, whose workhorse functions are the glmer and 1mer functions.**"!

The 1me4 package extends the formula notation to support the specification of random
effects. In the following code:

library("1lme4")

# Express in Gigahertz (otherwise lmer does not converge)
power_bench$frequency=power_bench$frequency/1000000
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Figure 11.55: Power consumption of six different Intel
Core 15-540M processors running at various frequencies;
colored lines denote fitted regression models for each pro-
cessor. Data from Balaji et al.'?* Github—Local
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p_mod=1mer (meanpower ~ frequency + (1 | processor), data=power_bench)

p_mod=1mer (meanpower ~ frequency + (frequency-1 | processor), data=power_bench)
p_mod=1mer (meanpower ~ frequency + (frequency | processor), data=power_bench)
p_mod=1mer (meanpower ~ frequency + (1 | processor) + (frequency-1 | processor),- |

data=power_bench)

e first call to Imer: frequency is the fixed-effect and (1 | processor) is the random-
effect; the 1 specifies variation in the intercept value, and the source of this variation
is the processor variable, i.e., the column having this name in the data frame. When
plotted the model might look something like the upper plot of figure 11.56, with six
lines intersecting the y-axis at different points, but all having the same slope,

* second call to Imer: (frequency-1 | processor) specifies there is variation in the
slope, and the source of this variation is the processor variable (this can also be written
as: (frequency+0 | processor)). When plotted the model might look like the lines
in the middle of figure 11.56, where all lines intersect the y-axis at the same point but
have different slopes,

¢ third call to 1mer: (frequency | processor) specifies that variation in the proces
sor variable may cause both the intercept and the slope to vary, and the intercept and
slope are correlated (can also be written as: (1+frequency | processor)). When
plotted, the models might look like the lines in the lower plot of figure 11.56, where the
lines have different intersections and slopes,

e fourth call to 1mer: the operands (1 | processor)+(frequency-1 | processor)
differs from the third call in that the intercept and slope are not correlated.

The following is the summary output from a mixed-effects model, where the processor is
a random-effect on both the intercept and slope: Github—Local

XXViA call to the glmer function that uses the default family distribution, i.e., gaussian, generates a warning
that this usage is deprecated and 1mer should be used.

0

= J

0

1.

-
0

0 1
Figure 11.56: Example showing the three ways of
structuring a mixed-effects model, i.e., different inter-
sections/same slope (upper), same intersection/different
slopes (middle) and different intersections/slopes (lower).
Github-Local
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Figure 11.57: Confidence intervals, 95%, for first (upper)
and second (lower) call to 1mer; within-subject intercepts
(left column) and slopes (right column) for the mixed-
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Linear mixed model fit by REML [’lmerMod’]
Formula: meanpower ~ frequency + (frequency | processor)
Data: power_bench

REML criterion at convergence: 6300.3

Scaled residuals:
Min 1Q Median 3Q Max
-4.0533 -0.4866 0.1453 0.4994 6.6744

Random effects:

Groups Name Variance Std.Dev. Corr

processor (Intercept) 0.13202 0.3634
frequency 0.07552 0.2748

Residual 0.10941 0.3308

Number of obs: 9981, groups: processor, 6

-0.99

Fixed effects:

Estimate Std. Error t value
2.1740 0.1490 14.59
1.9156 0.1124 17.04

(Intercept)
frequency

Correlation of Fixed Effects:
(Intr)
frequency -0.993
convergence code: 0
Model failed to converge with max|grad| = 0.0314161 (tol = 0.002, component 1)

The values for (Intercept) and frequency, listed under Fixed effects:, are very
similar to the combined data model fitted earlier. Annoyingly, the summary output does
not include p-values. These can be obtained using the Anova function from the car pack-
age.

The Random-effects: table lists the variation introduced by processor (listed in the
Groups column, on the variables listed in the Name column); the Std.Dev. column lists
the estimated standard deviation in the corresponding coefficient listed in the Fixed eff
ects: table. Residual lists the residual random effects left after taking into account all
the specified random-effects.

As an example, taking frequency, there are two sources of uncertainty in its contribution
to the response variable (as expressed in its model coefficient), one from fixed-effects,
and a random-effect caused by the variation between processors.

Plotting the 95% confidence intervals, for the intercept and slope of a mixed-effects
model, provides a visualization of the relative contribution of the sources of variation.
Figure 11.57 was generated using the following code, with data from the six processors:

library("lattice")
library("1lme4")
library("gridExtra™)

proc_mod=1mer (meanpower ~ frequency +(frequency | processor),
data=power_bench)
dp_orig=dotplot(ranef(proc_mod, condVar=TRUE), main=FALSE)

power_bench$shift_freq=power_bench$frequency-min(power_bench$frequency)
proc_mod=1mer (meanpower ~ shift_freq +(shift_freq | processor),
data=power_bench)

dp_shift=dotplot(ranef(proc_mod, condVar=TRUE), main=FALSE)

# dotplot comes from the lattice package, which uses grid layout
grid.arrange(dp_orig$processor, dp_shift$processor, nrow=2)

Figure 11.57, upper plot, is the model fitted using the original data; the intercept (up-
per left) and slope (upper right) appear to be correlated. Looking at the straight line fits
for each processor in figure 11.55, they appear to share an origin starting at the lowest
frequency measured; an intercept included as a random effect has a common origin as-
sumed to start at zero; see figure 11.56. Shifting frequency values down, by the minimum
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measured value, and refitting a model produces the confidence intervals in the lower plot.
The correlation has disappeared; perhaps including the intercept as a random effect is not
worthwhile.

Refitting a model without the intercept as a random effect, produces a model that differs
from previous models by a small amount; see Github—regression/hotpower-mix-plot.

There is an upper limit on the number of random effects (i.e., number of unknowns)
that can occur in a model. The total number of unknown random effects must be less
than the number of observations, otherwise the equations do not have a unique solution.
A continuous explanatory variable counts as a single unknown, while a variable holding
nominal or ordinal values contributes one unknown for each of the possible discrete values
(there is no slope associated with fitting a variable that is not treated as being continuous).

The bootstrap can be used to calculate confidence intervals for a mixed-effects model.

11.7 Generalised Additive Models

The regression modeling techniques discussed so far have required the analyst to specify
an equation expressing the detailed relationship between explanatory variables and the
response variable (these are said to be parametric models). If no equation provides a
reasonable fit, or accuracy of prediction is important (rather than understanding), then a
Generalised additive model (GAM) is an alternative approach. A GAM only requires a
list of explanatory variables and a response variable to be specified (these are said to be
nonparametric models).

A GAM is built by finding the best fit for a sequence of polynomial equations (e.g., some
form of spline), that smoothly captures the shape of the data. These smooth equations
might be used to make predictions, or when the fitted model is plotted may suggest pos-
sible parametric equations. The details of the fitted equations are not a source of under-
standing, but they may make good predictions.

The gam function, in the mgcv package, can be viewed as extending the functionality of
glm to support a variety of nonparametric smoothing functions (the gam package is sim-
pler, but does not offer such a wide range of functionality). The following code shows
formulas using a potentially different smoothing polynomial for each explanatory vari-
able (first line below), a different smoothing polynomial for some combinations of ex-
planatory variables (second and third line), a combination of a smoothing polynomial and
parameterised form (fourth line), or an interaction between a smoothed and non-smoothed
variable (fifth line; the by parameter, rather than the : operator is used):

mod=gam(y ~ s(x_1) + s(x_2) + s(x_3), data=foo_bar)

mod=gam(y ~ s(x_1) + s(x_2, x_3), data=foo_bar)

mod=gam(y ~ s(x_1) + s(x_2, x_3) + s(x_3, x_4) + s(x_4), data=foo_bar)
mod=gam(y ~ x_1 + s(x_2) + x_3, data=foo_bar, family="poisson")
mod=gam(y ~ x_1 + s(x_2, by=x_1) + x_3, data=foo_bar, family="poisson")

The smoothing function, s, supports a variety of options for controlling the fitting process;
two that are likely to be encountered are k, which specifies an upper limit on the degrees
of freedom that can be used in the fitted polynomial, and bs, a string identifying the kind
of smoother, e.g., "tp", the default, for a thin plate regression spline and "cr" for a cubic
regression spline.

The value of k needs to be large enough to support the degrees of freedom needed by
a polynomial capable of representing the underlying pattern in the data; the gam.check
function provides information about fitted models that can be used to help select a value
for k.

The fitting procedure used, by the mgcv version of gam, tries to avoid overfitting by making
every degree of freedom pay its way (using, for instance, penalized regression splines).
Criteria used for measuring the cost-effectiveness of more complicated models include
generalised cross-validation (GCV; the default) and AIC. The select argument provides
support for null space penalization, see package documentation for details.

A study by Lee and Brooks'!% built a model to predict the performance and power con-
sumed by applications running on processors having various hardware configurations,
e.g., number of registers, size of cache and instruction latency.
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The following additive model is based on the one proposed by Lee et al, and explains
over 95% of the variance in the data; see Github—regression/lee2006.R. While this model is
likely to be useful for prediction, it provides virtually no insight into the impact of various
hardware attributes on performance characteristics.

1_mod=gam(sqrt(bips) ~ benchmark + fix_lat
+s(depth, k=4) + s(gpr_phys, k=10)
+s(br_resv, k=6) + s(dmem_lat, k=10) +
s(fpu_lat, k=6)
+s(12cache_size, k=5) + s(icache_size, k=3) +
s(dcache_size, k=3)
+s(depth, gpr_phys, k=10)+s(depth, by=width, k=6)
+s(gpr_phys, by=width, k=10)
, data=lee)

The analysis associated with figure 8.33 used two approaches to modeling the number of
accesses to a function’s local variables. Without knowing anything about what relation-
ships might exist between explanatory and response variables, and being willing to use
very high degree polynomials, it is possible to build and use gam to build a prediction
model.

In the calls to gam below, the first assumes there is an interaction between the two explana-
tory variables (allowing up to 75 degrees of freedom), and the second assumes the vari-
ables are independent (allowing up to 50 degrees of freedom for each of them). While the
fitted model might make usable predictions, the use of such high degree polynomials sug-
gests that the underlying processes have a non-polynomial form; see Github—sourcecode/local-
use/obs-fit.R.

locg_mod=gam(norm_occur ~ s(object.access, total.access, k=75),
data=common_loc, family=Gamma)

locp_mod=gam(norm_occur ~ s(object.access, k=50)+s(total.access, k=50),
data=common_loc, family=Gamma)

11.8 Miscellaneous

Topics that your author has had to deal with, from time to time.

11.8.1 Advantages of using 1Im

This book promotes glm as a one-stop solution, however, the 1m function has some ad-
vantages over glm, including:

* requiring less cpu time to fit a model. If many models need to be fitted on a regular
basis, the performance difference may be worth considering,

* requiring less memory to fit a model. For extremely large datasets, memory require-
ments may be excessive for glm; possible solutions that continue to use glm are dis-
cussed below,

¢ the algorithm used by 1m is always guaranteed to converge to a solution, singularities
generated by a correlation between explanatory variables excluded. There are edge
cases where glm does not find a solution without being given some reasonable starting
values.

The implementation of 1m is based on the mathematics of Ordinary Least Squares (OLS),
and the data has to satisfy additional conditions for OLS to be applicable. Perhaps the
most important new condition is that the error variance in the measurements be constant
(in practice close to constant is usually good enough). The ncvTest function, in the
car package, checks that a fitted model meets this requirement; the spreadLevelPlot
function provides some visualization; also, see the lmtest function.

A user interface issue with models fitted using glm is that they do not come with a scale-
invariant goodness of fit number, i.e., the R-squared value.
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11.8.2 Very large datasets

The biglm package supports fitting regression models using data that is too large to fit
in memory all at once; the models are built using an incremental algorithm, which only
requires a subset of the data to be held in memory at any time. A variety of options are
available for creating chunks of data to feed into the model building process, including
incremental reading from files and databases.

The biganalytics package extends the bigmemory package by providing interfaces to
various analytic packages, such as biglm; see Github—benchmark/bounds_chk.R.

11.8.3 Alternative residual metrics

The error metric used by many regression techniques is based around squaring the differ-
ence between the actual and predicted value. This choice has been driven by the theoret-
ical usefulness of the mathematical properties of sum-of-squares. Other error metrics are
available to fit models, e.g., the absolute difference between actual and predicted values.

The rlm function, in the MASS package, supports analyst specified functions for calcu-
lating the residual to be minimised when fitting a model. The robustbase and robust
packages support a wide variety of functionality.

11.8.4 Quantile regression

The techniques discussed up to this point are based around predicting the expected value
of the mean. Quantile regression is based on the proportion of data points above/below
the fitted equation; it is robust to the presence of outliers, and is not influenced by the
form of the error distribution.

The rq function, in the quantreg package, fits quantile regression models. Figure 11.58
was generated using the following code (also see fig 8.13):

library("quantreg")

quant_fit=function(tau_val, col_str)

{

pred=predict(rq_mod, newdata=data.frame(Files=x_bounds))
lines(log(x_bounds), pred, col=col_str)

return(rq_mod)

}

plot(log(proj_inf$Files), log(proj_inf$SLOC),
col=densCols(log(proj_inf$Files), log(proj_inf$SLOC)), pch=20,
xlab="1og(Files)", ylab="1log(SLOC)\n")

x_bounds=exp(seq(0, log(le5), by=0.1))

rq05_mod=quant_£fit(0.05, pal_col[3]) # specify quantile and color
rg50_mod=quant_£fit (0.5, pal_col[1])
rq95_mod=quant_£fit(0.95, pal_col[2])

A line fitted to the 50% quartile has half the measurement points below/above it, while
the 95% quartile line divides the measurements such that 95%/5% are below/above (the
division of measurements for the 5% quartile is reversed).

11.9 Extreme value statistics

Extreme value statistics deals with the probability of occurrence of extreme values, e.g.,
use of maximum memory available memory, or minimum response time. The two main
techniques are Generalized Extreme Value (GEV) and Generalized Pareto (GP); the ext
Remes package supports both techniques.

161
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log(SLOC)

rg_mod=rq(log(SLOC) ~ log(Files), data=proj_inf, tau=tau_val) # tau is the quantile 4
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Figure 11.58: Number of files and lines of code in
3,782 projects hosted on Sourceforge; lines are 95%, 50%

and 5% quantile regression fits. Data from Herraiz.
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The GEV approach analyses each maximum value that occurs in a specified interval (e.g.,
maximum daily fault reports within each month), while the GP approach analyses all val-
ues above a specified threshold value, e.g., all program runs taking longer than x seconds.
The equation fitted by each approach both contain three parameters: y (the mean value
for GEV, and the threshold for GP), ¢ a multiplier that scales the function, and & (greek
lower-case xi) a shape parameter (depending on whether & is equal/greater/less than zero,
the equations simplify to more well-known distributions; Gumbel, Fréchet and Weibull
respectively for GEV, and Exponential, Pareto and Beta for GP).

Some of the WG21 (the ISO C+ Standard working group) email reflectors receive a
lot of traffic, particularly the Core and Lib reflectors. What is the maximum number of
messages on one day that is likely to occur within a 10-year period?

Roger Orr**"! kindly extracted the date of every message posted since February 2016
(configuration changes over the years make it non-trivial to obtain data before this date)
to the Core and Lib mailing list.

The fevd function, in the extRemes package, calculates the parameters for the extreme
value distribution that best fits the data. When using GP a threshold has to be chosen, and
the threshrange.plot can be used to help select a value.

The default value of options assume stationary data (i.e., the mean does not change over
time); an equation can be given for each model parameter specifying how it changes with
time.

library("extRemes")

250 1
max_mod=fevd(month_max$V1l, type="GEV", period.basis="month")
plot(max_mod, rperiods=c(6, 12, 18, 36, 72, 120), type="rl", col="red", main="")
001
2
?:I summary (max_mod)
3
gSO-

Figure 11.59 shows a GEP fitted model for the maximum number of daily emails expected
to occur (y-axis) within a given number of months (x-axis), for WG21’s the Lib email list;

100+ the pluses are actual occurrences, and dashed lines 95% confidence intervals.**"1ii

The model used is very simplistic, and does not take into account the growth in members
joining these lists and traffic lost when a new mailing list is created for a new committee
subgroup.

5 10 20 50 100
Return Period (months)
Figure 11.59: Expected maximum number of daily emails
to the C+ lib email list expected to occur within a . .
given period of months, with 95% confidence intervals; 1 1 _1 0 Tlme series
a GEP fitted model (corresponding plot function does
not provide any user interface options). Data kindly ex-

tracted from the WG21 mailing list archive by Roger Orr.

Github-Local Time series analysis deals with measurements that are sequentially correlated. An exam-

ple of correlated measurements is current room temperature, which is likely to be similar
to the temperature 10 minutes ago, and the temperature 10 minutes from now. Techniques
developed to analyse time-series can be used to analyse measurements of any quantity,
H where a correlation exists between successive measurements.

data
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The base system provides basic functions for analyzing time series of continuous values.

1000

A time series contains one or more of the following three components:

seasonal

-1000 0

* underlying trend: which changes slowly,

e regular recurring pattern of changes (known as seasonality): for instance, expected
daytime temperature throughout the year,

trend
600 1200 1800

1000

* random, irregular or fluctuating component.

remainder
0

The st1 function (Seasonal Trend using Lowess) provides a way of splitting a time series
into these three components (the argument must be an object of type ts, with a user
specified frequency; the st1 function does not automatically detect the recurrence period),
and there is a corresponding plot function.**

-1000

time

Figure 11.60: The three components of the hourly rate of 566 . .

commits, during a week, to the Linux kernel source tree; Figure 11.60, from a study by Eyolfson, Tan and Lam,”™ shows the three time-series

components extracted from the time series by st1. Data components of the hourly rate of commits to the Linux kernel source tree, over the days
566 3 . .

from Eyolfson et al.>> Github-Local of a week (the commits during the same hour of the same day were summed). The stl


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/Cpp_mailing.R
file:///home/ESEUR-code-data/regression/Cpp_mailing.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/commits/commit-components.R
file:///home/ESEUR-code-data/time-series/commits/commit-components.R

11.10. TIME SERIES 327

function assumes a fixed, recurring, pattern of seasonal behavior, a slowly changing trend,
with everything else classified as random noise.

# A seasonal frequency has to be specified
hr_ts=ts(linux_hr, start=c(0, 0), frequency=24)
plot(stl(hr_ts, s.window="periodic"))

Possible outputs from time-series analysis include:

* a fitted model specifying how the value of a quantity at time ¢ depends on its values at
earlier measurement times (often at r — 1),

* aregression model, adjusted for the correlation between sequential measurements,
* a power spectrum showing the dominant frequencies present in the data,
* a hierarchical clustering of multiple time series,

* alist of patterns, motifs, that occur within a time series.

Structure is often added to the linear nature of time by imposing repeating fixed length
intervals, such as hours of the day and days of the week. Many time series analysis
techniques require measurements to be made at fixed length intervals; analysis of mea-
surements at irregular intervals is not discussed here.

Some library functions use a time series datatype for representing time related measure-
ments. The ts function, part of the base system, converts a vector to class ts (many time
series functions will automatically convert vectors to this class).

The xyplot function, in the lattice package, can be used to create a time series strip
chart, see fig 8.19.

11.10.1 Cleaning time series data

Many time series techniques implicitly assume that measurement data occurs at regular
intervals. A measurement process may only record events when they occur and if no
event occurred in within an interval there may be no data-point for that interval. The
cleaning process includes ensuring that every interval contains a value (which may be
zero or inferred from surrounding values).

A study by Buettner?”> gathered project staffing information for several commercial de-
velopment software projects. On large commercial projects the amount of work done at
weekends is likely to be zero (except for the weeks prior to major deliveries), and the
autocorrelation of project activity is likely to show a recurring pattern involving two con-
secutive days separated by seven days, i.e., weekends and weekdays.

one development project. The seven-day recurring pattern contains a three consecutive
day pattern, are the developers only working a four-day week? It turns out *** that con-
tractors on some projects work a two-week cycle, with extra hours worked one week and
then not working the Friday of the following week. The extent to which regular staffing
level differences, between Friday and other weekdays, has to be taken into account, will
depend on the kind of analysis performed (weekends can be handled by excluding them
from the analysis, focusing on where most effort occurs, i.e., week days).

Measurements made on public holidays, such as the New Year, are very likely to differ
from normal work days. Removing public holidays from the data will scramble the asso-
ciation with day of the week. The extent to which day of the week is a more important
factor in the analysis, than public holidays, has to be considered.

11.10.2 Modeling time series

The expected mean of a time series can be modeled using one or both of the following
two approaches (series whose variance is serially correlated are discussed later):

xxviiRoger is the convenor of the UK’s BSI C+ panel.
xxviliThe plot function supports very few visual presentation configuration options.
XiXThe decompose function, part of the base system, implements the same functionality in a less sophisticated
way.
*XEmail discussion with Buettner.
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Figure 11.61: Autocorrelation of number of defects found
on a given day, for development project C. Data kindly
Figure 11.61 shows the autocorrelation of the number of defects found on a given day, for provided by Buettner.?’> Github-Local
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e the Autoregressive model (AR), models the value at time ¢ as a weighted combination
of values from earlier time steps, plus some amount of added noise, w;, for instance:

X = Q11+ Pox, 2 +wy

is an autoregressive model of order 2, abbreviated AR(2); it is based on values going
back two time steps (with weights ¢; and ¢,).

The ar function fits data to an autoregressive model.

* the Moving Average model (MA), models the value at time ¢ as the sum of noise, wy,
and a weighted combination of the noise from earlier time steps, for instance:

X =wr + 60wy

is a moving average model of order 1, abbreviated MA(1); it uses a value from one time
step back (with weight 6y).

The arima function, with the first two values of the order argument set to zero, fits
data to a moving average model.

The autocorrelation function, acf, returns and plots the correlation of a time series with
itself at successive lag intervals (i.e., the correlation of the measurement at time ¢ with
the measurement at time ¢ + #; the default sequence of lags is n=1:25); see figure 11.62.
For the AR(1) model, x; = ¢x;_1, the impact of serial correlation on values separated by
k lags (time intervals) decreases by ¢*.

The lag O autocorrelation is always one, and the two dotted blue lines are 0.05 p-value
bounds. Each lag is a hypothesis test, and with 25 hypothesis tests (the default) at least one
calculated value is expected to exceed a 0.05 p-value with probability 1 —0.95% — 0.72;
also, successive measurements are correlated, so neighbouring lag points are likely to
show similar significance levels.

The partial autocorrelation function (the pacf function) calculates and plots the corre-
lation at lag k, after removing the effect of any correlation generated by terms at shorter
lags; see figure 11.63. The partial autocorrelation at lag k is the k" coefficient of an AR (k)
model.

The previous two plots illustrate how short range correlations in an AR model have a long
range impact on the values returned by acf, but an MA model does not have a long range
impact, while the opposite behavior is seen in the values returned by pacf. An ARMA
model always behaves in the most unhelpful way.

An ARMA model (Autoregressive Moving Average) is a combination of an AR and MA
model, e.g., ARMA(2, 1) is the sum of an AR(2) and MA(1) model, such as the following:

Xt = Q1X—1 + P2xr—2 + W + Orw—

The ARMAacf function takes a specification of an ARMA model, and returns what acf
would return when passed a time series following this model (the pacf=TRUE option
switches the behavior to that of pacf).

A time series is said to be stationary if the expected mean value does not change over
successive measurements, i.e., E[t;] = E[t;1]. The mathematics behind both the basic
AR and MA model fitting techniques assume a stationary time series (more sophisticated
techniques are available; ARIMA (Autoregressive Integrated Moving Average) handles
some non-stationary time series: supported by the arima function).

Many software engineering processes include non-stationary components, e.g., varying
number of developers working on a project, increasing number of customers, system up-
dates, etc.

Time series analysis techniques are not limited to measurements involving time, they can
be applied to any data that has serial correlation between measurements.

A study by Hindle, Godfrey and Holt®*? investigated the indentation of the first non-
whitespace character on a line, for code written in a variety of languages. Figure 11.64
shows the autocorrelation of a list, ordered by indentation, of the total number of lines
having a given indentation.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/ARMA-acf.R
file:///home/ESEUR-code-data/time-series/ARMA-acf.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/ARMA-pacf.R
file:///home/ESEUR-code-data/time-series/ARMA-pacf.R
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11.10.2.1 Building an ARMA model

ARMA modeling takes as input a time series; if this time series is non-stationary, it has to
be converted to a stationary form before model building can begin. Common reasons for
a time series not being stationary and possible transforms to a stationary series include:

* anon-zero trend: for instance, the following equation contains an increasing time de-
pendent trend:
X =a+pt+w

Differencing can be used to remove trends, but care needs to be taken because this can
introduce signals that are not in the original data. For instance, differencing the above
equation gives:

Ay =x —x-1=b+w —w;
an MA(1) process, which the original series does not contain.

Subtracting the trend o + Pt leaves just wy; see the lower plot of figure 11.65,

non-constant variance; known as volatility in the analysis of financial time series.

If the growth in variance, over time, approximately follows the growth of the mean
(i.e., a relatively consistent percentage change at each time step, e.g., v, = (1 +x;)y;—1),
then a log transform produces a time series with approximately constant variance (i.e.,
A(logy;) = x;, assuming log(1 +x;) & x;).

A log transform requires special processing of any zero values; possible solution include
adding a small amount to every value ***' and setting non-finite log-transformed values
to zero (both have some impact on a fitted regression model). The 7digital data has
increasing variance (more developers are employed and time to implement features
decreases), and many zeroes; see Github—time-series/agile-day-starts.R.

* seasonality: this is a cyclic trend, e.g., changes recurring every year. Implementations
of ARMA often include support for including a seasonal component in the model, e.g.,
the seasonal to the arima function,

The Augmented Dickey-Fuller test is a well known technique for checking whether a time
series is stationary, others include the Phillips-Person test and the KPSS-test (supported
by the adf.test, pp.test and kpss.test functions in the tseries package). These
tests all have low power (i.e., fail to detect that a time series is non-stationary; they all
fail to detect that the untransformed 7digital data is not stationary, and sometimes give
contradictory results; see Github—time-series/agile-day-starts.R.

The plots produced by acf and pacf provide useful information about the likely structure
and order of an ARMA model:

XXiThe value should not be so small that its log is a large negative value.
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Figure 11.64: Autocorrelation of indentation of source
code written in various languages. Data from Hindle et
al.%2 Github-Local
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https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/agile-day-starts.R
file:///home/ESEUR-code-data/time-series/agile-day-starts.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/src-indent/indentation.R
file:///home/ESEUR-code-data/time-series/src-indent/indentation.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/agile-day-starts.R
file:///home/ESEUR-code-data/time-series/agile-day-starts.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/agile-day-starts.R
file:///home/ESEUR-code-data/time-series/agile-day-starts.R
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* if the acf plot shows a decreasing trend, while the pacf shows a sharp cut-off (see
figure 11.62), an AR model is a good place to start,

* if the acf plot shows a sharp cut-off, while the pacf shows a decreasing trend (see
figure 11.63), an MA model is a good place to start,

* if both plots show a decreasing trend, then some combination of AR and MA model is
likely to be needed.

Figure 11.66 was produced using the following code:

lwd=log(weekdays+le-1) # handle days with zero values

acf(lwd, xlab="Lag (working days)")
pacf(lwd, xlab="Lag (working days)")

Models fitted, by calling arima with various values of its order argument, can be com-
pared using AIC (arima only returns the series mean, when a difference value of zero
is passed to order; the Arima function, in the forecast package, is not limited in this
way). The auto.arima function, in the forecast package, can be used to automatically
find ARIMA model values that minimise AIC.

library("forecast")
arima(lwd, order=c(5, 0, 1))

auto.arima(lwd, max.order=7)
arima(lwd, order=c(1, 0, 1))

The two best fitting models, for the feature start data, are ARMA(S, 1) and ARMAC(L, 1).
The output from the last call to arima above is: Github—Local

Call:
arima(x = lwd, order = c(1, 0, 1))
Coefficients:
arl mal intercept
0.9627 -0.7993 0.561
s.e. 0.0158 0.0380 0.241

sigmar2 estimated as 1.789: 1log likelihood = -1465.67, aic = 2939.35

The Coefficients: table lists the model coefficients and their standard error. The inte
rcept column is the mean value of the time series. The equation for one of the models is:

x —0.5610 = 0.9627(x;—1 — 0.5610) + w, — 0.7344w,_,

which simplifies to:

x =0.5610(1 —0.9627) +0.9627x;_1 +w; —0.7993w;_,

The constant (log transformed) increment per time step is: 0.5610(1 —0.9627) — 0.0209253.

Which of these two models provides the better explanation of the data? Features take
different amounts of time to implement, and work can only start on a new feature when
enough people have been freed up, through completion of work on other features. The
coefficients of the AR component, of the ARMA(S, 1) model, can be interpreted as a
probability that people working on a feature started a given number of days earlier will
become available to start work on a new feature; see table 11.4.

AR Duration
arl 0.19 0.32
ar2 0.11 0.16
ar3 0.09 0.11
ard 0.07 0.07
ar5 0.10 0.05

Table 11.4: AR coefficients of ARMA(S, 1) model and percentage of features taking a given number of days to implement. Data kindly supplied by 7Digital.! Github-Local

This may be a just-so story, but stories are useful tools, but your author cannot think of
one for the ARMA(1, 1) model.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/agile-week-acf.R
file:///home/ESEUR-code-data/time-series/agile-week-acf.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/agile-arima.R
file:///home/ESEUR-code-data/time-series/agile-arima.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/agile-duration-ar.R
file:///home/ESEUR-code-data/time-series/agile-duration-ar.R
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Handling seasonal trends: A seasonal ARIMA model can include AR, difference and
MA components at an offset equal to the number of measurement intervals in the sea-
son. By default, the auto.arima function, in the forecast package, will return seasonal
components (if any are found). The seasonal option can be used to specify seasonal
components to the arima function.

The following code estimates a seasonal ARIMA model, for hourly commits to the Linux
kernel source tree (see fig 11.60):

library("forecast")
hr_ts=ts(linux_hr, start=c(0, 0), frequency=24)

auto.arima(hr_ts)

arima(linux_hr, order = ¢(2,1,1), seas = list(order = c¢(1,0,1), period=24))

The coefficients of the first and second fitted models, below, differ because of differences
in the algorithms used by the functions that fitted them, but are within each other’s stan-
dard error (the third set of coefficients is for a slightly simpler model): Github—Local

Series: hr_ts
ARIMA(2,1,2)(1,0,0)[24] with drift

Coefficients:
arl ar2 mal ma2 sarl drift
-0.892 -0.5348 0.5087 0.221 0.6751 13.0240
s.e. 0.244 0.1621 0.2694 0.223 0.0708 50.1094

sigmar2 estimated as 143870: 1log likelihood=-1233.06

AIC=2480.12 AICc=2480.83 BIC=2501.95
Call:
arima(x = linux_hr, order = c(2, 1, 1), seasonal = list(order = c(1, 0, 1),
period = 24))
Coefficients:
arl ar2 mal sarl smal

-0.8124 -0.2862 0.4483 0.8909 -0.4516
s.e. 0.2995 0.1177 0.3058 0.0546 0.1404
sigmar2 estimated as 129070: log likelihood = -1229.02, aic = 2470.03
Call:
arima(x = linux_hr, order = c(2, 1, 0), seasonal = list(order = c(1, 0, 1),

period = 24))

Coefficients:
arl ar2 sarl smal
-0.3632 -0.1174 0.8980 -0.4727
s.e. 0.1007 0.0964 0.0519 0.1391

sigmatr2 estimated as 129942: 1log likelihood = -1229.71, aic = 2469.42

The sar1 is the seasonal AR coefficient and smal the seasonal MA coefficient.

The output from auto.arima is a suggested model. In this case the ar and sar coeffi-
cients are pulling in opposite directions, and the standard error for the mal coefficient is
very high. Removing the MA component produces a model (second call to arima above),
where the coefficients are not almost cancelling each other out; the model is (24 is the
seasonal period):

xXp=—0.4x1—0.1x,_0 +0.9%:_24%1 — 0.5W;_24x1

What happened 24 hours ago contributes more to the predictor, than what happened in the
previous hour or two.

Predictions made using a fitted ARMA model: A fitted ARIMA model can be used to
predict what may occur after a measurement at time ¢; the relatively large noise component
present in some ARMA models means that the confidence bounds of the predicted values
may quickly become very wide. The R’s system supports a predict function that accepts
models fitted by the arima function; the Arima and forecast functions, from the for
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Figure 11.67: Monthly sales of spreadsheets in the UK,
starting January 1987, with 12-months of sales predic-
tions (shaded light blue are 80% confidence intervals, grey
shaded 95%). Data from Givon et al.®** Github-Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/JMPiracyArticle.R
file:///home/ESEUR-code-data/time-series/JMPiracyArticle.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/commits/commit-sea-arima.R
file:///home/ESEUR-code-data/time-series/commits/commit-sea-arima.R
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ecast package, support more options for fitting and forecasting of time-series data. In
the following code, the include.drift=TRUE option specifies that trend information be
included in the model; for this data, the increasing volume of sales generates an increasing
trend:

library("forecast")
Ar_mod=Arima(data$Spreadsheets, order=c(1, 0, 1), include.drift=TRUE)

f_pred=forecast(Ar_mod, h=10)
plot(f_pred, col=point_col, main="", xaxs="i",
xlab="Month", ylab="Monthly sales\n")

A study by Givon, Mahajan and Muller®®* investigated UK sales of PC’s, wordprocessors
and spreadsheets. Figure 11.67 shows monthly sales of spreadsheets, and based in an
arima model, 12-months of predicted sales; shaded areas are 80% and 95% confidence
intervals.

11.10.3 Non-constant variance

Time-series data containing rapid changes in variance is said to be volatile; correlated
variance is common during periods of volatility (a time series is heteroskedastic if the
change in variance is regular, and conditionally heteroskedastic if the change is irregular).
Techniques for building an autoregressive model, for the variance, include autoregressive
conditional heteroskedastic (ARCH) and generalised ARCH (GARCH) models.

An increase in frequency of commits leading up to a major new release is an example of
behavior that can cause a change of variance in a time series.

The autocorrelation of a time-series may not show any correlation, but if its variance
changes the square of the zero adjusted values will have a pattern of decreasing correlation
in its ACF, as seen in figure 11.68; the code is:

acf(t_series)
acf((t_series-mean(t_series))A2) # Check for changing variance

The rugarch package supports the fitting of GARCH models; see Github—time-series/splc-
2010-fm.R.

A study by Lotufo, She, Berger, Czarnecki and Wasowski''%? investigated the evolution

of the Linux variability model, through the lens of commits to Kconfig files. Figure 11.69
shows the number of commits per week made to the Linux kernel source and its associated
Kconfig files. The commit bursts occur immediately prior to new releases.

11.10.4 Smoothing and filtering

Smoothing a time-series can make it easier to visually identify larger scale patterns, and
also provides a simple approximation to predicting immediate future values. Even when
data does not contain a systematic trend, or seasonal effects (perhaps because they have
been removed), it may still be possible to make a useful estimate of immediate future
values based on immediate past values.

Smoothing using the exponentially weighted moving average (EWMA; also known as
exponential moving average, EMA) uses the formula:

EMA; = ¢x; + (1 — ¢)EMA,_;, where: ¢ determines the amount of smoothing.

The exponential moving standard deviation (EMS) is given by:

EMS; = \/¢EMSt2—1 + (1 —¢)(x — EMA;)?

EMA and EMS can be used to detect when a real-time data stream trends outside pre-
specified bounds.

Holt-Winters smoothing is a generalization of exponential smoothing, that uses three pa-
rameters: estimated level, slope and seasonality; the HoltWinters function can be used
to both estimate and apply these parameters.

The filter function can be used to apply AR and MA filters to a time series.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/varying-variance.R
file:///home/ESEUR-code-data/time-series/varying-variance.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/splc-2010-fm.R
file:///home/ESEUR-code-data/time-series/splc-2010-fm.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/splc-2010-fm.R
file:///home/ESEUR-code-data/time-series/splc-2010-fm.R
file:///home/ESEUR-code-data/time-series/splc-2010-fm.R
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11.10.5 Spectral analysis

A series of measurements in the time domain can be transformed into a sequence in the
frequency domain; see fig 1.14.

The spectrum function estimates the spectral density of a vector, which is assumed to be
a time-series (the default behavior is to call the spec.pgram function). The spec.arma
function takes a specification of an ARMA model, and returns its power spectrum, i.e.,
behaves like a call to spectrum when passed a time series that follows this model.

A stationary time-series does not contain components at specific frequencies, but can be
described in terms of an average frequency composition.

11.10.6 Relationships between time series

Time series analysis can be used to find relationships between multiple time series, where
each time series comes from measuring separate variables associated with some evolving

process.
The simplest technique is cross-correlation, the correlation, at various lags, between two 0.8
stationary time-series. Figure 11.70 shows the cross-correlation between the number of
source lines added/deleted, per week, to the glibc library. In calls to the ccf function, the
first argument is the one which is shifted, while the second is fixed. In the following call: 061
ccf(lines_added, lines_deleted, col=point_col, xlab="Weeks")

0.4

ACF

the plot shows correlation spikes, above the confidence bounds, occurring between the
sequence pairs lines_added;,y/1ines_deleted; and lines_added,g/lines_deleted;
(i.e., changes involving lines_deleted is correlated with changes to 1ines_added two 021
and 10 weeks later; a positive lag means the first argument follows the second, a negative

lag that it leads the second); there are small spikes at: 1ines_added;g/lines_deleted; |1 1 I N O
and lines_added; j3/1ines_deleted;. Your author has no explanation for this correla- 0.0 | ..|-|. |.]l.|ll -I il 1, AT |
tion.

Techniques are available for building models of the relationship between two time series. 20 10 We%ks 0o
After making a commit to the Linux kernel, it may be discovered that an associated Kcon- Figure 11.70:  Cross-correlation of source lines
fig file needs to be updated, i.e., the pattern of commits to Kconfig files will lag that of the added/deleted per week to the glibc library. Data from
commits of Linux source. Figure 11.71 shows the first six months of the two time series Gonzilez-Barahona.™" Github—Local

in figure 11.69, with the number of Kconfig commits shifted up to align with the kernel

commits. The Kconfig commits often lag behind kernel commits.

The following calls to the lags.select function report a lag of 2-weeks for binned

weekly data, and 7-9 days for daily data (which contains many zeroes): 10001

library("tsDyn")

500 1
# Oldest comes first, and they need to be the same length
# By week 2
lags.select(cbind(head(log(linux_week$freq), -1), log(kconfig_week$freq))) E
# By day 8 2001
lags.select(cbind(head(log(linux_day$freq+le-1), -2),log(kconfig day$freq+le-1)))
What are the interdependencies between Linux source commits and Kconfig commits? 1007
The following code fits a Vector Autoregression (VAR) model (see Github—time-series/kconfig- B Kconfig
evol.R): 50 O Linux kernel
library("tsDyn") Jul Sép Nov

Date

# Oldest comes first, using lag returned by lags.select . . .
. . . Figure 11.71: The number of commits per week to Linux
day_mod=lineVar(cbind(head(log(linux_day$freg+le-1), -2), kernel source and its Kconfig files, during the last half of

log(kconfig day$freg+le-1)), 2005. Data kindly provided by Lotufo.!%2 Github-Local
lag=9)

the fitted equations for, log, Linux and Kconfig daily commits, are (the error terms have
been omitted for brevity):
L_commits; =1.6 + 0.2L_commits;_1 + 0.07K_commits;_1 + 0.08K_commits;_»
+ 0.09L_commits; 3+ 0.1L_commits; ¢+ 0.1L_commits, 7 — 0.09L_commits; ¢
K_commits; = —1.140.3L_commits; _1 + 0.09K_commits; _1 + 0.09K_commits;_»
+ 0.06L_commits; 3+ 0.2L_commits, ¢+ 0.09K_commits, 7 — 0.1L_commits; o


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/smr1615/smr-ccf.R
file:///home/ESEUR-code-data/time-series/smr1615/smr-ccf.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/splc-2010-zoom.R
file:///home/ESEUR-code-data/time-series/splc-2010-zoom.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/kconfig-evol.R
file:///home/ESEUR-code-data/time-series/kconfig-evol.R
file:///home/ESEUR-code-data/time-series/kconfig-evol.R
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showing Kconfig commits having a small influence, over a few days, on Linux commits,
and Linux commits having a larger and longer term impact on Kconfig commits, than
even earlier Kconfig commits.

Other forms of relationship that may exist between two or more time-series include:

Alignment: A time series is a sequence of values, with each value being larger, smaller
or equal to the value immediately before it. If two time series are generated by the same,
or similar, process they may contain subsequences of values that share the same pattern
of up, down and no-change. A non-time series application of this kind of subsequence
matching is extracting word sequences that commonly appear in two or more documents.

Dynamic time warping (DTW) is a class of algorithms that compares two series of values
by stretching or compressing one of them (treated as the reference series), so it resembles
the other (treated as the query series). The dtw package contains functions to perform and
support DTW alignment of two series.

A study by Herraiz®!” investigated the evolution of various long-lived software systems,
and measured the growth of NetBSD and FreeBSD (in lines of code). These two operating
systems started from the same base, continue to share developers (see fig 9.22) and code
continues to be ported between them. Figure 11.72 shows the alignment, found by a call
to dtw, between the weekly measurements of the lines of code in each OS (for the first
100 weeks of their development).

library("dtw")

bsd_align=dtw(freebsd_weeks, netbsd_weeks, keep=TRUE,
step=asymmetric, open.end=TRUE, open.begin=TRUE)
plot(bsd_align, type="twoway", offset=1, col=pal_col, xlab="Weeks")

Clustering: The pair-wise similarity of multiple time-series can be used as a clustering
metric. Many techniques for measuring the distance between two time-series have been
invented (at the time of writing, the diss function, in the TSclust package, supports 22
distance metrics).

A study by Powell'>!7 investigated task effort allocation in a development project at Rolls-
Royce. Figure 11.73 shows effort (in person hours) spent on eight major tasks (lower plot,
from the bottom up: s/w requirements, top-level design, coding, low level test, require-
ment test, system acceptance test, management and holiday/non-project), and a hierarchi-
cal clustering of each task by its effort time series, with pair-wise distance between time
series calculated using correlation (upper) and Euclidean (middle) metrics.

library("TSclust")

eff_dist=diss(t(all_effort), METHOD="COR")
plot(hclust(eff_dist), main="", sub="", xlab="", ylab="Correlation distance")

11.10.7 Miscellaneous

Regression of time series data: Some of the issues involved in building regression mod-
els with serially correlated data are discussed in section 11.2.7.

Stochastic processes: Events involving future uncertainty may be modeled as a stochastic
process; see section 3.2.4. The Sim.DiffProc package can be used to numerically solve
stochastic differential equations of the Itd type;>** section 3.2.4 discusses this topic in

more detail.

The Ornstein-Uhlenbeck process is the continuous time version of an AR(1) model,>%

and the AR(1) process corresponding to equation 3.1 is:
X —x 1 =K1—e M+ (e M"=1)x_1+&
Matrix profile’® is an efficient new technique for finding motifs in time series. The

tsmp package supports a variety of matrix profile related techniques; see Github—time-
series/BSD-dtw.R.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/BSD-dtw.R
file:///home/ESEUR-code-data/time-series/BSD-dtw.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/YCST/proj-t-clust.R
file:///home/ESEUR-code-data/time-series/YCST/proj-t-clust.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/time-series/BSD-dtw.R
file:///home/ESEUR-code-data/time-series/BSD-dtw.R
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11.11  Survival analysis

Survival analysis is the analysis of data where the response variable has the form of time-
to-event. Historically this kind of model building has been used to compare the impact of
different medical procedures, or drugs, on subject survival rate.

Survival analysis often deals with one kind of event, which causes a transition to a ter-
minal state, e.g., there is returning from the dead. Competing risk models deal with the
situation where one of several risk events can cause the transition to the final state. Mul-
tistate models handle the situation where some transitions are to states that are not final,
i.e., an appropriate event can cause a transition to another state.

In some cases, the event of interest may not occur during the measurement period, in
this case the measurement is said to be censored; for instance, when measuring the time
interval between a function definition being written and the first time it is modified, the
measurement data is said to be right censored, when one or more functions have not been
modified over the time interval for which data is available.

Survival analysis makes greater use of available censored information, to produce esti-
mates containing less error, than other forms of regression modeling; a linear regression
model comparing mean time-to-event between groups would have to ignore censored
data, while a logistic regression model, using 0/1 to indicate whether a subject survived
or not, would again have to ignore censored data.

Possible outputs from survival analysis include:

* a survival function, S(¢), the probability of surviving a given amount of time. This
can be used to estimate time-to-event for a group of subjects or compare time-to-event
between subjects in two or more groups,

* a hazard function, A(t), the hazard rate, that is, the probability of an entity surviving to
time ¢ experiencing an event in the next time interval, e.g., having survived 69 years 11
months before reading this sentence the probability that you die in the next month (the
interval used to denote an instant is small compared to the time spans involved). The
survival and hazard functions can be derived from each other:

oy L0

S(r)

where: f(t) is a probability density function, the probability of the event occurring at
exactly ¢ time units in the future, e.g., the probability of a baby born 70 years ago living
long enough to read this sentence, but not before,

* a regression model specifying the impact of explanatory variables on time-to-event.
This may be a non-parametric model, such as the Cox proportional hazard model, be-
cause parametric models can be very difficult to build.

Time-to-event is always positive and so has a skewed distribution (which means it cannot
have a Normal distribution).

The survival package contains functions implementing the functionality needed to per-
form survival analysis.

11.11.1 Kinds of censoring

Ideally censoring is uninformative, i.e., the distribution of censoring times provides no
information about the distribution of survival times. When a period of study is decided in
advance, the censoring information is uninformative.

When censoring is not under experimenter control, it is said to occur at random. For
instance, a subject may decide to stop taking part in a study because they are not happy
with their performance.
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Figure 11.74: Two commonly used hazard functions;
Weibull is monotonic (always increases, decreases or re-
mains the same, depending on the equation coefficients),
and Lognormal which can increase and then decrease.
Github-Local
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Figure 11.76: The Kaplan-Meier curve for survivability of
new releases: (blue) ETPs using only official APIs, (blue)
ETPs calling internal APIs (red); dotted lines are 95% con-
fidence intervals. Data from Businge.?®> Github-Local

Kinds of censoring that can occur include:

e left truncation: subject not observed before 7y, experienced an event before that time
and is not included in the study (the event may have been such that it rendered the
subject unable to join the study, e.g., developer left the company),

* left censored (also left truncated): a subject included in the study is known to have had
the event prior to time ¢, but with the exact time not being known,

e right censored: described at the start of the subsection,

e interval censored: when measurements are made at regular intervals, the exact time of
an event is not known, only that it occurred between two measurement points,

* non-detect: the measurement process may fail to detect an event because the strength of
the event is below the detection threshold. This kind of censoring is not covered here,
see Helsel 32

11.11.1.1 Input data format

The Surv function creates a survival object from data, and the object it returns plays the
role of the response variable in formula passed to model building functions. The required
data format depends on the kind of censoring and presence of time dependencies. The
following is an example of the basic information required:

id,start_time,end_time,failure_status,explanatory_vl,explanatory_v2

where: id is a unique identifier denoting each subject (only needed when information on
the same subject occurs on multiple lines), start_time/end_time the starting time (or
date) of measurement, and the end time (either when the event occurred, the end of the
study or the last recorded time of a subject who was not seen again) and failure_status
one of two values specifying whether an event occurred or not; followed by an optional
list of explanatory variables.

The time of interest is the difference between the start/end time, and the data may contain
just this value.

11.11.2 Survival curve

The Kaplan-Meier curve is a descriptive statistic of time-to-event measurements; it shows
the percentage of subjects who have not experienced an event up to a point in time, along
with an optional confidence interval; see figure 11.76.

The median is preferred over mean as the measure of central tendency for survival data,
because the mean underestimates the true value when samples contain censored data.
The median is measured as the point where the Kaplan-Meier curve falls before 0.5 and
printing the model returned by survfit gives this value along with its 95% confidence
intervals.

A study by Businge”® investigated the number of releases of Eclipse third-party plug-ins
(ETP) between 2003 and 2010; the history of each ETP was traced from the year of its
first release and any releases in subsequent years were noted.

The Eclipse framework includes a published list of officially recognised APIs, but each
Eclipse SDK release also includes support for APIs considered to be for internal use, i.e.,


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/survival/ETP/ETP-API-KM.R
file:///home/ESEUR-code-data/survival/ETP/ETP-API-KM.R
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not to be used by applications. The status difference between official/internal APIs is that
internal APIs can be changed without notice, while the official APIs are intended to have
some degree of permanence (they may change on major releases but are not intended to
change on minor releases; starting in 2004 all yearly releases were minor).

At some point there are no new releases of an ETP in a year and this cessation of new
releases could be regarded as the death of development of the ETP (some ETP develop-
ment died for one year only to be resurrected the following year; for simplicity the small
number of such recurring events are ignored).

For this analysis ETP yearly release counts are divided into two groups, those that only
made use of official APIs, and those that made use of one or more internal APIs; table 11.5
shows the number of ETPs using only the official APIL.

2003 2004 2005 2006 2007 2008 2009 2010

2003 35 10 3 1 1 2 0 0
2004 33 4 4 2 2 0 0
2005 41 10 4 3 1 1
2006 61 7 1 0 2
2007 37 12 4 6
2008 38 7 2
2009 25 3
2010 16

Table 11.5: Total number of distinct ETPs released in a year; left column lists year of first release and releases in subsequent years. Data from Businge.?$

Figure 11.76 shows the Kaplan-Meier curve for ETPs using only official APIs (blue)
and ETPs that use internal APIs (red); the dotted lines are 95% confidence intervals.
The following is the essential code (calling the Surv function to create a survival object,
containing time and censored information on each subject, is the first step in most survival
analysis using R):

library("survival")

api_surv=Surv(all_API$year_end-all_API$year_start,
event=(all_API$survived == 0), type="right")

api_mod=survfit(api_surv ~ all_API$API)

plot(api_mod, col=pal_col, conf.int=TRUE, xlim=c(0,7), xlab="Years")

The summary function can be used to obtain values of the survival curve at each time
measurement point.

Comparing two survival curves: Are the two survival curves statistically different? The
survdiff function can be used to answer this question. The p-value returned by the
call (bottom right) shows that the two survival curves are very unlikely to be the same:
Github-Local

Call:
survdiff(formula = Surv(year_end - year_start, event = (survived ==
0), type = "right") ~ API, data = all_API)

N Observed Expected (0-E)A2/E (0-E)A2/V
API=0 381 334 372 3.83 29
API=1 289 260 222 6.41 29

Chisg= 29 on 1 degrees of freedom, p= 7e-08

By default, survdiff performs a log-rank test, which gives equal weight to all events.
Passing the argument rho=1 causes greater weight to be given to earlier events, while the
argument rho=-11 gives greater weight to later events. The hazard function is returned
by survfit functions when is it passed the argument type="fh".

Why, on average, do new releases of an ETP using internal APIs occur over a greater
number of years? Is it because there are changes to the internal APIs that break the ETP,
requiring the ETP to be updated to handle the change and a new version released, or is it
because authors who use internal APIs are more committed to creating the best possible
product and so continue to refine their ETP over more years?


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/survival/ETP/ETP-API-log-rank.R
file:///home/ESEUR-code-data/survival/ETP/ETP-API-log-rank.R
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Perhaps, suspecting that changes to the SDK were a significant factor, Businge®® inves-
tigated the source compatibility of ETPs with the Eclipse SDK across releases 1.0 to 3.7,
i.e., releases in every year from 2001 to 2011. Every ETP was built using each of these
11 SDK releases (yes, even SDKs created before an ETP was first released). To allow
easy comparison with the ETP analysis above, the following analysis only considers SDK
builds released after an ETP was first made available.

Figure 11.77 shows the survival of ETPs’ ability to build under Eclipse SDKs released
in each successive year. ETPs using internal APIs (red) are much more likely to fail to
build (precompiled plug-ins may still function, if they don’t call any changed internal
API) when a new Eclipse SDK is released, compared to ETPs using only the official APIs
(blue).

This analysis suggests that developers using internal APIs in their ETP, are more likely to
be forced to release an update, if they want their ETP to continue to function with later
releases. However, this data does not address the possibility that developers who make
use of internal APIs are more committed to creating the best possible product.

11.11.3 Regression modeling

Survival data implicitly contains information that is not present in other forms of re-
gression modeling: the probability of an event occurring at a given time, i.e., a hazard
function. Estimating the appropriate hazard function for survival data requires knowing
the coefficients of the explanatory variables in the regression model, while estimating the
coefficients of the explanatory variables requires knowing the hazard function.

When building a model, R functions will attempt to fit the shape of the hazard function
specified (by the analyst), but if this hazard function is incorrect, the returned model may
be substantially incorrect. In practice, parametric models have been found to be very
sensitive to the explanatory variables provided as input to the model fitting process.

There is no single statistic available for definitively selecting the best model, i.e., hazard
function and appropriate explanatory variables.

The Cox proportional-hazards model does not require the specification of a hazard func-
tion, which breaks the circularity of needing to select regression coefficients for such a
function and removes some of the dangers associated with use of an incorrect hazard func-
tion (the Cox modeling approach is not guaranteed to always build a reasonably accurate
model). If there is any doubt about the appropriate parametric distribution, the Cox model
is a safe choice.

While the Cox proportional hazards model has many advantages, a potentially big disad-
vantage is that without specifying a hazard function, it is not possible to make predictions
outside the interval covered by the measurements.

The flexsurv package supports the fitting of complex parametric distributions, and the
censReg package supports fitting regression models to censored data.

11.11.3.1 Cox proportional-hazards model

The Cox proportional-hazards regression model has been found to provide reasonably
good estimates for the coefficients of the explanatory variables and hazard ratios (not
absolute values, ratios) for a wide variety of data. The Cox model is popular because
it is robust, and will closely approximate the correct parametric model. If the correct
parametric model has a Weibull hazard function (whose shape parameter is unknown),
the Cox model will give similar results to those obtained from this parametric model. If
the parameters of the Weibull hazard function are known, a model built using them will
outperform a Cox model.

The Cox likelihood (known as a partial likelihood) is based on the observed order of
events, rather than the interval between them (so it only considers subjects’ experiencing
an event).

In the equation for the basic Cox model, time is not included as an explanatory variable,
Xk, 1.€., the variables cannot be time dependent. The equation is:

hi(t) = ho(t)eﬁlxlf+"'+ﬁkxki


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/survival/ETP/ETP-BLD.R
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where: h;(t) is the hazard function for subject i at time 7, h(¢) is a baseline hazard func-
tion, the contents of the exponent expression are explanatory variables and their regression
coefficients (B is included as part of the baseline hazard).

This equation can be written as a log ratio of the hazard functions:
hi(t

log i(t)
ho(t)

or, as a hazard ratio for two subjects, i and j (where, ho(t), the baseline hazard function
cancels out):

= ﬁlxli +---+ ﬁkxk,'

hi(t) = Prixii—x1j) 4B (o —xi ;)

hj(t)

In this proportional hazards model, the effect of each explanatory variable is multiplicative
on the hazard function. In accelerated failure time (AFT) models the multiplicative effect
is on the survival function.

The coxph function, in the survival package, builds Cox proportional-hazard models;
the basic usage follows the pattern used by glm, with the object returned by Surv playing
the role of the response variable. For example:

p_mod=coxph(Surv(patch_days, !is_censored) ~ log(cvss_score)+opensource,
data=ISR_disc)

The cox. zph function can be used to check the assumption that the explanatory variables
are not time dependent (at least during the measurement period).

If two or more events occur at the same time the associated data is said to be tied. The
default value of the option ties="efron", can handle some tied data, but if many events
occur at the same time (e.g., the ETP data in table 11.5), calls to coxph might need to use
ties="exact".

The techniques for formula specification and refinement used with glm can also be applied
to models created with coxph, e.g., starting with a complicated model and using stepAIC
to simplify it.

A study by Arora, Krishnan, Telang and Yang’® investigated the time taken by vendors
to release patches, to fix vulnerabilities reported in their product; explanatory variables
included information about the software vendor, whether the vendor was privately notified
about the vulnerability, or the vendor first found out about it through a public disclosure.

The following is the summary output from a model fitted by coxph to the data for public
disclosure vulnerabilities: Github—Local

Call:

coxph(formula = Surv(patch_days, !is_censored) ~ log(cvss_score) +
opensource + y2003 + smallvendor + small_loge + log(cvss_score):y2002 +
y2002:smallvendor + y2003:smallvendor, data = ISR_np)

n= 945, number of events= 824

coef exp(coef) se(coef) z Pr(>lzl)

log(cvss_score) 0.23283 1.26217 0.08570 2.717 0.00659 ==
opensource 0.42235 1.52555 0.09167 4.607 4.08e-06 =
y2003 0.83643 2.30811 0.10459 7.997 1.27e-15 =
smallvendor -0.40940 0.66405 0.17331 -2.362 0.01816 =
small_loge 0.02926 1.02969 0.01346 2.173 0.02975 =
log(cvss_score):y2002 0.23048 1.25920 0.04961 4.646 3.39e-06 =
smallvendor:y2002 0.59685 1.81638 0.19540 3.054 0.00226 ==
y2003:smallvendor 0.58999 1.80396 0.22502 2.622 0.00874 ==
Signif. codes: 0 ‘=%’ 0.001 ‘#+’ 0.01 ‘%’ 0.05 ‘.” 0.1 “ * 1

exp(coef) exp(-coef) lower .95 upper .95
log(cvss_score) 1.262 0.7923 1.0670 1.4930
opensource 1.526 0.6555 1.2747 1.8258
y2003 2.308 0.4333 1.8803 2.8332
smallvendor 0.664 1.5059 0.4728 0.9326
small_loge 1.030 0.9712 1.0029 1.0572
log(cvss_score) :y2002 1.259 0.7942 1.1425 1.3878
smallvendor:y2002 1.816 0.5505 1.2384 2.6640


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/survival/vulnerabilities/patch-cph-sum.R
file:///home/ESEUR-code-data/survival/vulnerabilities/patch-cph-sum.R
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y2003:smallvendor 1.804 0.5543 1.1606 2.8039

Concordance= 0.647 (se = 0.011 )

Likelihood ratio test= 199 on 8 df, p=<2e-16
Wald test 184.9 on 8 df, p=<2e-16
Score (logrank) test = 198.3 on 8 df, p=<2e-16

The first half of the output is similar to the summary output produced by a model fitted
using glm. The table of numbers in the middle are 95% confidence intervals, which are
printed by default. The bottom section of the output lists the R-squared of the fit™*!! (0.19
in this case, showing that only a small amount of the variance in the data is described by
the model), and p-values for various tests of the null hypothesis that the coefficients are
zero (abbreviated to a single letter, p).

The explanatory variable coefficients are proportions, not absolute values (the Cox model
is a proportional-hazards model). The coefficients specify the expected impact of the re-
spective explanatory variable, when the values of all the other variables are kept constant.
The explanatory variables cannot be used to independently calculate response variable
values, they can only be used to predict the change in a known value of the response
variable, i.e., the value of the response variable known to occur for specific values of the
explanatory variables.

Taking the values in the log(cvss_score) row as an example, the value 1.26217 appears
in its exp(coef) column; what impact will a 1 change in the value of log(cvss_score)
have on the response variable (i.e., time taken to produce a patch)? The percentage change
in the response variable is: +(1.2621 — 1) x 100 — £26.21%; a value of less than one,
in the exp(coef) column, reverses the sign of the percentage change, e.g., an increase
in the value of the explanatory variable is predicted to decrease the value of the response
variable.

Model adequacy can be checked using Cox-Snell residuals, and influential observations
searched for using score residuals (which specify how each regression coefficient would
change if a particular observation was removed; see Github—survival/vulnerabilities/patch-
cph.R).

Frailty of subjects: Unobserved differences in subject performance may result in some
variation in the hazard function they experience;”® frailty is the term used to denote these
random (multiplicative) changes in hazard function. Introducing a random effect, v;, the
frailty of group j that x; belongs to, modifies the Cox model as follows:

hi(t) = ho(t)vjeﬁ1x1i+'-'+ﬁmi

The previous analysis of time-to-patch, implicitly assumes there is no difference between
vendors, in their ability to respond and fix reported vulnerabilities. The frailty function
can be included in a formula, to specify explanatory variables that identify particular
groups of subjects sharing the same frailty.

fp_mod=coxph(Surv(patch_days, !is_censored) ~ log(cvss_score)+opensource
+frailty(vendor), data=ISR_disc)

The summary output includes the information: Variance of random effect=0.374;
see Github—survival/vulnerabilities/patch-frailty.R.

The v; in the above equation is assumed to have a mean and variance that is calculated
as part of the model building process (in this case it is 0.374). The main consequence of
including frailty in a Cox model is to explicitly allocate some of the variance present in
the data to a specific explanatory variable (the model coefficients of explanatory variables
may also change).

The frailtypack package provides a wider range of frailty related options and function-
ality, than is available in the survival package. The coxme package supports the fitting
of mixed-effects Cox models (frailty can be handled as a specific kind of random effect).

11.11.3.2 Time varying explanatory variables

The behavior of an explanatory variable may change over time. Options for handling this
behavior includes, excluding all affected subjects from the analysis or using a technique
that handles time dependent behavior.

xxiiThe value printed is the Cox & Snell pseudo R-squared, which can be less than one; the maximum possible
value for the data is given in the summary output.
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The Arora et al study (discussed earlier) investigated the impact of public disclosure of
vulnerabilities, on the time taken by vendors to release patches for their product. Possible
event sequences were:

» vendor was privately notified about a vulnerability and some time later a simultaneous
announcement of the vulnerability and a vendor patch was made (213 of 755 private
notifications),

» vendor was privately notified about a vulnerability, but information about the vulner-
ability was later made public before a patch was available for release (the vendor’s
patch being released some time later in 542 of 755 private notifications); this is a time
dependent change of a significant attribute.

* the vendor learned about a vulnerability when information about it was made public,
and sometime later released a patch (945 cases),

If privately notified and public disclosure fix rates are compared using a Kaplan-Meier
curve, any privately notified vulnerabilities that become public before a patch is available
have to be treated as censored (ignoring them biases fix rates towards a lower value; see
figure 11.78).

The Cox models discussed earlier, were fitted using vulnerability data where the vendor
found out about the vulnerability via public disclosure.

Building a regression model using all the vulnerability data, requires handling time depen-
dent explanatory variables; the data has to be restructured to make the time dependencies
explicit. The time dependency, for this data, is a possible change of state, from the vul-
nerability not being public, to the information being public.

The original data looks something like the following:

notify,publish,patch,vendor,employee,os
2000-10-16,2000-11-18,2000-12-20, "abc",1000,unix

When vulnerability information is made public before a patch is released, extra informa-
tion is involved. For this data, five columns are added: one to uniquely identify each
vulnerability, the start/end dates of the interval during which the information was private
or disclosed, a flag specifying private/disclosed, and a flag for whether an event (i.e., re-
lease of a patch) occurred in the interval. The first interval starts on the date the vendor
was notified and ends on the date the vulnerability is made public, a second interval occurs
for vulnerabilities that change state from private to disclosed before a patch is available
and starts on the date of disclosure and ends on the date a patch became available, as
follows:

id,start,end,priv_di,notify,publish,patch,event,vendor,os
1,2000-10-16,2000-11-17,1,2000-10-16,2000-11-18,2000-12-20,0, "abc",unix
1,2000-11-18,2000-12-20,0,2000-10-16,2000-11-18,2000-12-20,1, "abc" ,unix

Treating priv_di as an explanatory variable (1 for private disclosure to vendor and zero
for public disclosure), enables the impact of disclosure on patch time to be included in a
model.

When all the measurement data needs to be split on the same date, the survSplit function
can be used to create the necessary rows, otherwise (as in this case) specific data mangling
code has to be written.

The call to coxph, or survreg, has to include the term cluster(id), which ties together
(by vulnerability id in this case) the rows associated with the same subject. The call to
coxph looks something like the following:

lis_censored) ~ priv_dixcvss_score
+cluster(id), data=ISR_split)

td_mod=coxph(Surv(patch_days,

It is not possible for both cluster and frailty to appear in the same formula (clus
ter is based on GEE model building, while frailty is based on mixed-effects model
building).

The summary output for the time dependent model is: Github—Local

Call:
coxph(formula = Surv(patch_days, !is_censored) ~ priv_di + cvss_score +
y2 + small_loge + priv_di:cvss_score + priv_di:c_o + priv_di:dis_by_s +

1.01
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@ Public then patched
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Figure 11.78: Kaplan-Meier curves for time-to-release a
patch for a reported vulnerability, with private, public, and
private then public notification. Data from Arora et al.”®
Github-Local
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priv_di:os + priv_di:y2 + priv_di:smallvendor + priv_di:small_loge +
cvss_score:c_o + cvss_score:dis_by_s + cvss_score:s_app +
c_o:opensource + dis_by_s:opensource + os:s_app + y2:s_app,

data = ISR_split, cluster = ID)

n= 2242, number of events= 2081

coef exp(coef) se(coef) robust se z Pr(>|z])
priv_di 2.798750 16.424106 0.216150 0.209360 13.368 < 2e-16
cvss_score 0.153926 1.166404 0.016806 0.017733 8.680 < 2e-16 =
y2 0.277421 1.319722 0.044042 0.044590 6.222 4.92e-10
small_loge 0.037114 1.037811 0.007262 0.008817 4.210 2.56e-05
priv_di:cvss_score -0.114788 0.891555 0.017327 0.016795 -6.835 8.22e-12 wxxx
priv_di:c_o 0.644347 1.904743 0.228463 0.211989 3.040 0.002369 ==
priv_di:dis_by_s 0.475405 1.608665 0.116261 0.106601 4.460 8.21e-06 ===
priv_di:os -0.331847 0.717597 0.098936 0.086976 -3.815 0.000136 ==
priv_di:y2 -0.614162 0.541094 0.063296 0.061954 -9.913 < 2e-16
priv_di:smallvendor -0.440845 0.643492 0.138900 0.099310 -4.439 9.03e-06 ==
priv_di:small_loge -0.082120 0.921161 0.016589 0.014449 -5.683 1.32e-08
CVSS_ScCore:c_o -0.060084 0.941685 0.012861 0.011990 -5.011 5.42e-07 %%
cvss_score:dis_by_s -0.061114 0.940716 0.008798 0.011002 -5.555 2.78e-08 ==
cvss_score:s_app -0.096771 0.907764 0.014972 0.014853 -6.515 7.27e-11 #*%x*
Cc_o:opensource 0.443978 1.558896 0.137952 0.118459 3.748 0.000178 *
dis_by_s:opensource 0.414151 1.513086 0.091161 0.102359 4.046 5.21e-05 ==
os:s_app 0.815803 2.260991 0.077450 0.093536 8.722 < 2e-16 ===
y2:s_app 0.291007 1.337774 0.047420 0.045599 6.382 1.75e-10 =#=*=*
Signif. codes: 0 ‘w#x’ 0.001 ‘»+’ 0.01 ‘%’ 0.05 ‘.” 0.1 “ * 1

Concordance= 0.654 (se = 0.007 )

Likelihood ratio test= 590.1 on 18 df, p=<2e-16

Wald test 376.9 on 18 df, p=<2e-16

Score (logrank) test 586.8 on 18 df, p=<2e-16, Robust = 454.6 p=<2e-16

(Note: the likelihood ratio and score tests assume independence of
observations within a cluster, the Wald and robust score tests do not).

There are two parts to the contribution made by priv_di; as a standalone variable it has a
large impact, but its interactions with other variables create a large impact in the opposite
direction (the model building process tries to minimise its error metric, not make it easy
for analysts to understand what is going on).

The component of the fitted equation of interest is:

eprivfdi(2.8 —0.11cvvs_scorei+0.64c_o+0.48dis_by_s—0.330s—0.61y2—0.44smallvendor—0.08small_loge)

where: priv_di is 0/1, cvvs_score varies between 1.9 and 10 (mean 7), c_o 0/1 NA
other™1 (mean 0.13), dis_by_s 0/1 disclosed by SecurityFocus (mean 0.38), os 0/1 vul-
nerability in O/S (mean 0.26), y2 years since 2000 (mean 1.9), smallvendor 0/1 small
vendor flag (mean 0.25) and small_loge zero for small vendors, otherwise the log of num-
ber of employees (mean 5).

Applying some hand waving to average away variables:

eprivfdix (2.8—0.11-74+0.64-0.1340.48-0.38—0.33-0.26—0.61-1.9—0.44-0.25—0.08-5)

eprivfdix (2.8—0.7740.0840.18—0.09—1.2—0.11-0.4) eO.49priv7di

— —

produces a (hand waved mean) percentage increase of (¢%*° — 1) x 100 — 63%, when
priv_di changes from zero to one. The percentage change for patches, for vulnerabilities
with a low cvvs_score is around 90% and for a high cvvs_score around 13%, i.e.,
the patch time of vulnerabilities assigned a low priority improves a lot when they are
publically disclosed, but patch time for those assigned a high priority is only slightly
affected.

The process of calculating the 95% confidence bounds, based on the values in the summ
ary output, is fiddly and left to the reader.

Time varying changes may occur, but the information needed to model these changes may
not be available.

xxxiiiNo information is available on what this variable represents.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/survival/Lunesu_PhD.R
file:///home/ESEUR-code-data/survival/Lunesu_PhD.R
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A study by Lunesu''”? investigated the maintenance activities of a large software com-

pany; between 2005 and 2010 there were 5,854 issues. The response time for an issue
(i.e., the time between an issue being opened to it being closed) depends on the rate issues
are reported, and the resources available to handle issues.

Extra resources were added to handle the growing number of issues (after around 400
days), and the number of issues reported decreased after around 800 days (it is not known
whether this resulted in issue handling resources being decreased, or the same level of
resources applied to fewer issues). The level of resources used to resolve issues cannot be
included in a model, because this information is not available.

Figure 11.79 shows the cumulative number of issues reported and closed, over time (up-
per); the lower plot shows the survival curve for issues reported in the first 400 days,
reported between 400 and 800 days and reported after 800 days. As expected, the extra
resources added after 400 days reduced open issue survival times, but the reduction in
reported issues after 800 days does not appear to have had much impact on survival rates
(perhaps because it is easier to move existing staff to other work, than to add new staff).

11.11.4 Competing risks

When more than one possible kind of event can occur (i.e., there are multiple terminal
states), a competing risk model might be used or each distinct event type might be an-
alyzed separately from the other event types (data involving other events is flagged as
censored at the time the other event occurs).

The Kaplan-Meier plot for a single event, in a competing risk context, may give a mis-
leading impression of the actual situation for events that rarely occur. The cumulative
incidence curve (CIC) is a commonly used alternative, which includes information on
every event (when there is only one event, CIC = 1 — KM). CIC does not assume that

competing risks are independent and estimates the marginal probability of an event. 1.07
—— was removed
The cmprsk package supports the modeling of competing risks. disappeared ~ Samba
T 0.87
A study by Di Penta, Cerulo and Aversano*” investigated the history of mistakes in fé
source code flagged by various static analysis tools. Newly written source code con- ¢
taining a flagged construct was tracked through subsequent versions. Possible competing g 0.6
events include the removal of the code containing the flagged construct and the flagged 3
construct being modified such that it is no longer flagged, e.g., a bug fix. %
= 0.4
Figure 11.80 shows the cumulative incidence curves (created by the cuminc function, in §
the cmprsk package) for problems reported in the Samba and Squid source by the splint ;&
static analysis tool. & 0.21
library("cmprsk")

000 2000 4000 6000 8000
p{)lot_c1f=funct10n(sys_str) Snapshot
t=cuminc(rats$failtime, rats$type, cencode=0, subset=(rats$SYSTEM == sys_str)) 1.0

—— was removed squid
plot(t, col=pal_col, cex=1.25, disappeared q
curvlab=c("was removed", "disappeared"), T 0.8
xlab="Snapshot", ylab="Proportion flagged issues ’dead’\n") 3
[%]
Q
>
text(max(t[[1]]$time) /1.5, 0.9, sys_str, cex=1.5) 8 0.61
’ 3
(=]
()]
8
plot_cif("samba") = 044
plot_cif("squid") 2
g
& 021
11.11.5 Multi-state models 0.0
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Multistate models deal with time to event processes, where there are multiple events with

potential changes of state between them. Figure 11.80: Cumulative incidence curves for problems
reported by the splint tool in Samba and Squid (time is

The mstate package supports the building of multi-state Cox models and competing risk measured in number of snapshot releases). Data from Di

models, the msm package supports the building of multi-state Markov models. Penta et al.**? Github-Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/survival/tool_rep/ist-scam08.R
file:///home/ESEUR-code-data/survival/tool_rep/ist-scam08.R

Table 11.6: Estimated likelihood that within 365 days, a project using i database frameworks will migrate to using j frameworks. Data kindly provided by Goeminne.
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Figure 11.81: Rose diagram of number of commits in each
3-hour period of a day for Linux and FreeBSD. Data from
Eyolfson et al.>®® Github—Local
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A study by Goeminne and Mens®? investigated the evolution in the use of four database
frameworks in 2,818 Java projects. A project might start using, say, Spring, then add
support for another framework or switch from using Spring to a different framework.

What is the probability of changes, over time, in the number of database frameworks,
used by a project?

Table 11.6 shows the estimated likelihood of a project migrating from using i database
frameworks to using j frameworks, within 365 days.

from tol to2 to3 tod
1 0.89 0.09 0.02 0.00
2 0.07 0.74 0.17 0.03
3 0.02 0.07 077 0.14
4 0.01 0.01 0.05 0.93

692

The following call to msm fits a multi-state Markov model for the number of database
frameworks (dbs) used by projects (X) over time (date). The matrix Q is an initial estimate
of the state transition probabilities of a project currently using i frameworks migrating to
use j frameworks; any transition that cannot occur must contain zero in the corresponding
non-diagonal element (specifying gen.inits=TRUE results in an approximate estimate
being calculated internally; see Github—survival/icsme2015era.R).

library(msm)

Q=matrix(nrow=4, ncol=4,

c(0, 0.1, 0.1, 0.01,
0.1, O, 0.1, 0.01,
0.1, 0.1, O, 0.1,
0.1, 0.1, 0.1, 0))

# Fit a multi-state Markov model
db_msm=msm(dbs ~ date, subject=X, data=uses,
gmatrix=Q, gen.inits=TRUE, exacttimes=TRUE)

# Extract the estimated transition probability matrix from the fitted
# model at time 365 (a year)

pmatrix.msm(db_msm, t=365)

# Estimate mean time spent in each transient state of the model
sojourn.msm(db_msm)

11.12 Circular statistics

Some measurements are based on a circular scale, with values wrapping around to the
minimum value when incremented past the maximum value, e.g., time of day, or months
of the year. Circular statistics'4”” is the name given to the analysis of data measured using
such a scale. Circular statistics has only become widely studied in the last 40 years or so,
and techniques for handling operations that are well-established in other areas of statistics
are still evolving. The circular package supports the analysis of data measured using a
circular scale.

Differences between measurements based on circular and linear scales include:

* plotting uses a polar representation, rather than x/y-axis (the circular package in-
cludes support for plot, lines, points and curve functions),

the mean has two components: mean direction (6, an angle) and mean resultant length
(R; if this value is zero, the data has no mean), returned by the mean and rho.circular
functions respectively (the trigonometric.moment function provides another way of
obtaining this information). The median. circular function returns a median (multiple
medians may exist, but only one is returned),

e the term variance, on its own, is ambiguous. The circular variance, V, is defined as
V =1—R and varies between zero and one. Another measure is angular variance
(returned by the angular.variance function), which varies between zero and two.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/commit-circle.R
file:///home/ESEUR-code-data/statistics/circular/commit-circle.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/survival/icsme2015era.R
file:///home/ESEUR-code-data/survival/icsme2015era.R
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The circular standard deviation is returned by the sd.circular function (it is not
calculated by taking the square root of the variance; its formula is: 1/ —21ogR),

* the von Mises distribution plays a role similar to that filled by the Normal distribution
on linear measurement scales.

The mean resultant length, R, is a measure of how spread out data points are around the
circle. If the points have a symmetric distribution R equals zero and if all the points are
concentrated in one direction R equals one; for unimodal distributions the term concen-
tration is applied to R to denote the extent to which measurements concentrate around the
mean direction.

Figure 11.81 is a Rose diagram of the number of commits to Linux and FreeBSD for each
3-hour period of the days of the week (the same data is plotted using a linear scale in
figure 5.6).

The rose.diag function plots Rose diagrams. By default, the area of each segment
is proportional to the number of measurement points in the segment (the behavior used
when plotting histograms).

library("circular")

# Map to a 360-degree circle

HoW=circular((360/hrs_per_week)+week_hr, units="degrees", rotation="clock")

rose.diag(HoW, bins=7%8, shrink=1.2, prop=5, axes=FALSE, col=col_str)

axis.circular(at=circular(day_angle, units="degrees", rotation="clock"),
labels=c("Mon", "Tue", "Wed", "Thu", "Fri", "Sat", "Sun"))

text(0.8, 1, repo_str, cex=1.4)
arrows.circular(mean(HoW), y=rho.circular(HoW), col=pal_col[2], 1wd=3)

The arrow at the center shows the direction of the mean, and the length of its shaft is its
resultant length. Linux has fewer commits at weekends, compared to weekdays, and a
mean direction near the middle of the week looks reasonable. The number of commits to
FreeBSD does not seem to vary between days; the mean length is 0.03 (it almost does not
have a mean), compared to Linux’s mean length of 0.2.

If the measurement scale is very granular (e.g., measuring commit time once by day, rather
than hour or minute), then R will be underestimated, and introduce errors in the calcula-
tion of the various location measures that use this value; see Github—statistics/circular/circle-
bin.R. The correction to R, for calculating circular standard deviation, when measuring
in units of days rather minutes, is to multiply the calculated value of R by 1.034 (the
correction for higher order moments involves much larger values).

11.12.1 Circular distributions

Circular distributions that are often encountered include the uniform distribution, wrapped
Cauchy, wrapped von Mises and the Cartwright distributions.

Figure 11.82 shows differences in the shapes of three popular, symmetrical, single peak,
wrapped circular distributions.**" The Jones-Pewsey distribution includes them all, and
others, as special cases.

Figure 11.83 shows asymmetric extended forms of some common circular distributions.
The circular package does not include support for asymmetric distributions, but code
is available in Pewsey et al.'4”’

The discrete circular uniform distribution consists of m points, equally spaced around a
unit circle, with each point occurring with probability %

The continuous circular uniform distribution treats all directions as being equally likely;
the probability of point occurring between the angles ¢ and yis: P(¢ < 0 < y) = ‘J’;TW
The circular package supports the dcircularuniform and rcircularuniform func-

tions, but not p and q forms.

The choice of which circular uniformity test to use, for measurements on a continuous
scale, i.e., many possible measurement points around the circle, depends on how the data
is thought to deviate from uniformity. The two uniformity deviation possibilities are:

XXXiVThe implementation of the Cartwright distribution, up to at least version 0.4.93 of the circular package,
uses the spelling carthwrite.

DO

Figure 11.82: The Cartwright (red; dcarthwrite),
wrapped Cauchy (green; dwrappedcauchy) and wrapped
von Mises (blue; dvonmises) circular probability distribu-
tions for various values of their parameters. Github—Local

Figure 11.83: Asymmetric extended wrapped forms of the
Cardioid (upper), von Mises (middle) and Cauchy (lower)
probability distributions for various values of their param-
eters. Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/circ-prob-dist.R
file:///home/ESEUR-code-data/statistics/circular/circ-prob-dist.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/asymm-circ-dist.R
file:///home/ESEUR-code-data/statistics/circular/asymm-circ-dist.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/circle-bin.R
file:///home/ESEUR-code-data/statistics/circular/circle-bin.R
file:///home/ESEUR-code-data/statistics/circular/circle-bin.R
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* a single peak over some range of values, i.e., a unimodal distribution. In this case
the Rayleigh test is the most powerful known test; available in the rayleigh.test
function,

» multiple peaks in the distribution of values around the circle. There are three tests that
are more powerful than the Rayleigh test, when the data distribution could be more
complicated than a single peak, but no single one is superior to the others; support
for these tests is available in the kuiper. test, watson.test and rao.spacing.test
functions.

Unless there is a good reason to think that the measurements could have a single peak,
one (or all) of the omnibus tests should be used.

Your author was once a member of a four-person compiler implementation team, all born
in February; we all agreed that the best compiler implementers are born in February.
An alternative, easier to test hypothesis, is that most compiler implementers are born in
February. Your author ran a survey on his compiler oriented blog,” asking readers their
birth month and whether they had spent more than four months working on a compiler
project (132 responded, of which 82 had worked on a compiler).

Figure 11.84 shows that while February was the most common birth month, with 15% of
implementers it is substantially below a majority (weighting by the number of days in a
month, or the yearly percentage of births in each month, does not have much impact).

How likely is it that compiler implementer birthdays are uniformly distributed over the
months? When the measurements have been grouped into a few bins, e.g., months of
the year, a grouped data test has to be used; see Github—statistics/circular/grp-data-boot.R for
examples using bootstrap. All tests for uniformity fail.

Figure 11.84: Number of readers of author’s blog, whose > StUdy by Eyolfson, Tan and Lam567 investigated the correlation between commit time
birthday falls within a given month and who have worked and the likelihood of a fault being experienced because of a mistake in the commit code,
on a compiler. Data from Jones.”>> Github—Local for Linux and PostgreSQL. Figure 11.85 shows the number of non-fault commits (upper)
and number of commits in which a fault was detected (lower), made in each hour of
combined weekdays (the pattern of commits on weekdays differs from weekend days,
and the following analysis is based on weekdays only).

What differences, if any, exist between the two sets of daily commit times and in particular
are commits made at certain times of the day more likely to cause a fault experience?

¢ testing for a common mean direction: The watson.williams.test function assumes
that both samples are drawn from a von Mises distribution; the Watson large sample
non-parametric test does not even require the samples to share a common shape; see
Github—statistics/circular/common-mean.R. When any sample has a size less than 25, a
bootstrap version of these tests should be used. The daily commit times do not share
a common mean direction (15.5 hours for fault commits and 16.2 hours for non-fault
commits); the mean result lengths are 0.33 and 0.32 respectively,

* testing for a common concentration: Are the points concentrated around a common di-
rection? The Wallraff test is not supported by the circular package, but is described
in Pewsey et al;'477 see Github—statistics/circular/common-concen.R. The two commit sam-
ples do not share a common concentration.

11.12.2 Fitting a regression model

When one or more variables are measured on a circular scale the technique used to build
a regression model depends on whether the circular variable is an explanatory or response
variable.

When the response variable is measured on a linear scale, existing techniques and func-
tions can be used; there may be one or more circular or linear explanatory variables,

When the response variable is measured on a circular scale, the 1m.circular function,
in the circular package, can be used

11.12.2.1 Linear response with a circular explanatory variable

Figure 11.85: Number of commits (upper) and number of
commits in which a fault was detected (lower) by hour of
day of the commit, for Linux. Data from Eyolfson etal.’®” Circular explanatory variables can be modeling using periodic functions, and the regres-

Github—Local sion modeling techniques discussed in earlier sections; sine and cosine functions can be


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/compiler-birthday.R
file:///home/ESEUR-code-data/statistics/circular/compiler-birthday.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/13-emse.R
file:///home/ESEUR-code-data/statistics/circular/13-emse.R
http://shape-of-code.coding-guidelines.com
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/grp-data-boot.R
file:///home/ESEUR-code-data/statistics/circular/grp-data-boot.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/common-mean.R
file:///home/ESEUR-code-data/statistics/circular/common-mean.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/statistics/circular/common-concen.R
file:///home/ESEUR-code-data/statistics/circular/common-concen.R
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combined to model any periodic function. As always, a model containing the fewest
number of distinct parameters is desired.

The cosine function can be modified in various ways to change its shape, including:
y=o+Bcos(wx+¢)

and higher order harmonics can be added:

y=0o+picos(wx+¢)+ PrcosQox+¢)---

The shape of the peaks and troughs can be modified by adding a sine wave to the angular
argument. In the following a positive A sharpens the peaks and flattens the troughs while
a negative A has the opposite effect.

y= 0o+ Bcos(wx+ ¢+ Asin(wx+¢))

A skewed period (which is what asymmetrical distributions have) can be modeled by
adding a cosine wave to the angular argument (provided —7/6 < A < 7/6; outside this
range it also affects other shape characteristics):

y= o+ fcos(wx+ ¢+ Acos(wx+¢))
These are all non-linear equations, which can be fitted using the nls function.

Figure 11.85 shows the number of commits to the Linux kernel, per hour; it is asymmetric,
and the following code fits an extended cosine regression model (the gam values were
estimated from the height of the cycle, and omega from fitting 24 hours into 27 radians):

basic_mod = nls(freq ~ gamO+gaml+cos(omegaxhour-phi+nu+cos(omega+hour-phi)),
start=1list(gam0=800, gaml=700, omega=0.3, phi=1, nu=0),
data=week_basic)

Figure 11.86 shows the number of non-fault related commits, and fault related commits,
per hour for every week day; with fitted models.

Both fits handle the skewed period but not the sharp peak and flat trough. A sine con-
tribution can be added to help handle this shape and improve the fit, the call to nls is
below:

basic_2mod = nls(freq ~ gamO
+gaml+cos(omega~hour-phi+nu+cos(omegaxhour-phi))
+gam2+cos (2+omega+hour-phi+nu+sin(omega+hour-phi)),
start=1ist(gam0=800, gaml=700, gam2=100,
omega=0.3, phi=1, nu=0),
data=week_basic)

Figure 11.87 overlays the fitted curve for non-fault and fault (red) commits over the non-
fault hourly commits for each workday.

The 1m.circular function supports circular response variables.

11.13 Compositional data

A study by Machiry, Tahiliani and Naik''%* measured the performance of two application
test generators, by comparing the number of lines of program source code covered by the
tests generated by each tool (50 Android apps were tested); human performance was also
measured. The application source lines covered by human and tool generated tests was
recorded.

One measure of human vs. tool performance is to compare just those source lines that are
covered by tests. What percentage, for each application, is covered by both human and
tool generated tests, and what percentage uniquely covered by human or tool tests?

Figure 11.88 shows three quantities in one plot. For each of the 50 applications, the source
line coverage common to human and Dynodroid tests (as a percentage of all covered
lines), percentage only covered by Dynodroid generated tests and coverage of human
only tests. Normalizing coverage counts, to a percentage of source lines covered, allows
performance across different applications to be compared.

Fitting three regression models, one for each kind of coverage, using application source
lines as the explanatory variable fails to make use of all the available information, i.e., the
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Figure 11.86: Number of non-fault related commits, and
commits related to fixing a reported fault, per hour for
weekdays, for linux; with fitted models. Data from Ey-
olfson et al.*®’ Github—Local
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relationship between the three percentages. A method of combining the three percentages
into a single entity, that can be used as a response variable, is required. The isometric
log-ratio transformation, ilr, is one possibility, and the compositions package supports
the ilr function.

Figure 11.89 shows the same information in a ternary plot (in blue), along with a fitted
regression model (green line). The explanatory variable is application source, and the
red plus signs show predictions for various totals (tick marks on the axis are measure-
ment points where one of the three components is zero). The quality of fit is very poor,
with potentially many outliers and non-constant variance; other explanatory variables, not
present in the data, may enable the building of a better fitting model.

The clustering of points near the Human & Dynodroid vertex shows that tests created
by these two generators tend to cover the same source lines. More points are near the
Dynodroid axis than the Human axis, suggesting that Dynodroid generated tests cover
fewer unique source lines.

The following code was used to fit the regression model:

library("compositions")

covered=acomp(dh, parts=c("LOC.covered.exclusively.by.Dyno..D.",
"LOC.covered.exclusively.by.Human..H.",
"LOC.covered.by.both.Dyno.and.Human..C."))

plot(covered, labels="", col=point_col, mp=NULL)
ternaryAxis(side=0, small=TRUE, aspanel=TRUE,
Xlab="Dynodroid", Ylab="Human", Zlab="Human & Dynodroid")

dh$1_total_lines=log(dh$Total.App.LOC..T.)
comp_mod=1Im(ilr(covered) ~ I(1_total_linesA2), data=dh) # fit model

d=ilrInv(coef(comp_mod)[-1, ], orig=covered) # extract model coefficients
straight(mean(covered), d, col="green") # line of fitted model

The acomp function normalises the columns passed as an argument using a ratio scale,
and returns an object having class acomp (named after Aitchison, who pointed out the
useful mathematical properties that a ratio scale bring to compositional analysis).

The ilr function is not currently handled by glm, so 1m has to be used. Understanding
the following code requires a lot more background knowledge than is appropriate here;
see van den Boogaart and Tolosana-Deldago'®7? for more details.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/fse13-dynodroid.R
file:///home/ESEUR-code-data/regression/fse13-dynodroid.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/fse13-dyno-fit.R
file:///home/ESEUR-code-data/regression/fse13-dyno-fit.R

Chapter 12

Miscellaneous techniques

12.1 Introduction

This chapter covers techniques which produce results that do not have the explicit equa-
tional form available with regression models.

12.2 Machine learning

Machine learning is the name given to a collection of techniques for automatically build-
ing a black-box prediction model, learned from training examples.

Users of machine learning do not need to understand the data (although it helps if they
do), and as such, this approach to model building is ideal for clueless button pushers.
From time to time, we are all clueless button pushers; machine learning is an easy-to-use
tool that can help find a path through the fog.

This book’s emphasis is on understanding the processes involved in software engineering,
not building black-box prediction models.

The quality of the predictions made by models built using machine learning, depend on
the quality of the training data used. It is worth noting that: the blacker the prediction box,
the faster feedback is needed on prediction accuracy. Following black box predictions,
without regular feedback on their accuracy is a recipe for disaster.

A sample containing information about many variables is always useful to have; domain
knowledge might be used to select an appropriate subset. However, when all the variables
are included in the analysis at the same time the curse of dimensionality arises.

A common metric used by machine learning algorithms is the distance between points.
Each measurement can be viewed as a point in an n-dimensional space, where n is the
number of attributes associated with each measured item. For ease of comparison in the
following analysis, every side in this n-dimensional space is assumed to have length one,
and so its volume is also one. In 3-dimensions the volume of a sphere of diameter one e,
is %n0.53 — 0.52, that is the sphere occupies 52% of the unit cube, i.e., if the unit cube le-011 +++++
contains multiple points, there is a 52% probability that a point at the center of the unit ++++
cube is within 1-unit distance of another point. As the number of dimensions increases the EN
sphere/unit cube volume ratio increases to a peak at five dimensions, and then decreases le-041 +++
rapidly. Figure 12.1 shows how the volume of a sphere changes, relative to the volume of
the unit cube, as the number of dimensions increases.

Volume

1le-071
As the number of dimensions increases, the distance from a point to the point nearest to
it approaches the distance to the point furthest from it;'°! an effect that can occur with
as few as 10-15 dimensions. This behavior means that any algorithm relying on distance
between points effectively ceases to work at higher dimensions. +++

le-131 i

1le-101

Text analysis Software engineering produces often produces large quantities of text writ- " e P " =
ten in natural language, e.g., English. Like source code, this natural language text is raw Dimensions

material from which useful information might be extracted.
Figure 12.1: Volume of unit sphere in 1 to 50 dimen-

Automated extraction of semantics from natural language is an unsolved problem, for sions, e.g., sphere has volume %pi in three dimensions.
the general case. Approximate answers can sometimes be obtained to specific kinds of Github-Local
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https://github.com/Derek-Jones/ESEUR-code-data/blob/master/odds-and-ends/sphere-vol.R
file:///home/ESEUR-code-data/odds-and-ends/sphere-vol.R
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semantic questions. Some algorithms are based on using prelearned examples, e.g., senti-
ment analysis is a popular technique for estimating whether text expresses a positive and
negative opinion, but the results depend on the training data and tool used®*? (researchers
are starting to collate software engineering specific training data'!'#®). Dependence on
training data is an important issue for any approach based on using pretrained models.

Available R packages for text analysis include tm (along with extension packages, such
as tm.plugin.mail for processing emails and tm.plugin.webmining for mining web
pages), and spacyr provides an interface to the spacy.io natural language processing sys-
tem. For an example, see Github—faults/reopened_text.R.

12.2.1 Decision trees

As the name suggests decision tree models take the form of a tree like structure. Each
node of the tree contains either an expression whose result is used to select which of
two branches to follow, or a value denoting the result. The rpart! package supports the
creation of binary decision trees.

Tree models are popular for use cases where a model is needed that can be interpreted by
the people making a decision, based on what they observe, e.g., Doctors. Decision trees
are the canonical example of a machine learning model that is not a black-box.

Each tree node contains a binary relationship, which selects the branch to follow to the
next node, with the process continuing until a leaf node is reached. The model building
process decides whether a leaf node should be split into a condition node and two leaf
nodes using a method known as cost complexity pruning; any node split that does not
improve the overall fit by a factor of CP is not attempted.

A study by Shihab, Thara, Kamei, Ibrahim, Ohira, Adams, Hassan and Matsumoto'6%
investigated reopened faults in the Eclipse project. Of the 18,312 bug reports, 3,903 were
resolved (i.e., closed at least once) and 1,530 of these could be linked to code changes.
Of the 1,530 that could be linked to code changes, 246 had been reopened at the time of
the study. Shihab et al cast their net very wide, extracting 22 factors that could possibly
be associated with reopened faults.

Figure 12.2 shows the first few levels of a fitted decision tree, which is visibly very clut-
tered. The names of the people reporting and fixing problems is part of the fitted model,
resulting in some overly long lines (names have been truncated to two characters, so some-
thing is visible). The rpart package provides basic plotting functionality, and rpart.
plot package provides much more functionality; the following is the essential code:

library("rpart")
library("rpart.plot")

dt=rpart(remod ~ time+week_day+month_day+month+time_days+description_size+
severity+priority+pri_chng+ num_fix_ files+num_cc+prev_state+
fixer_exp+fixer_name+reporter_exp+reporter_name,
data=raw_data, weight=data_weight,
method="class", x=TRUE, model=TRUE, parms=list(split="information"))
rpart.plot(weighted_model, cex=1.2, split.font=1, under.col=point_col,
box.palette=c("green", "red"), branch.col="grey",
under=TRUE, type=4, extra=100, branch=0.3, faclen=2)

iRecursive partitioning.


https://spacy.io
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/faults/reopened_text.R
file:///home/ESEUR-code-data/faults/reopened_text.R
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Which variables contribute most to the model? The summary (the cp=0.4 argument re-
moves lots of details from the output; the printcp function does not provide any infor-
mation on variable importance):

> summary(weighted_model, cp=0.4)

Call:

rpart(formula = remod ~ time + week_day + month_day + month +
time_days + severity + priority + pri_chng + num_fix files +
num_cc + prev_state + description_size + fixer_exp + fixer_name +
reporter_exp + reporter_name, data = raw_data, weights = data_weight,

35% 1% 16%

Figure 12.2: Top levels of the decision tree fitted to the
reopened fault data (overly long lines are names of people
who reported and fixed the fault). Data from Shihab et
al.'%5 Github-Local

method = "class", model = TRUE, x = TRUE, parms = list(split = "information"))

n= 1530
CP nsplit rel error Xerror xstd
1 0.17010632 0 1.0000000 1.0792683 0.01972982
2 0.02814259 1 0.8298937 0.8900876 0.01966538
3 0.02751720 2 0.8017511 0.8905566 0.01966642
4 0.02095059 5 0.6957473 0.8858662 0.01965584
5 0.01485303 6 0.6747967 0.8952470 0.01967656
6 0.01414947 7 0.6599437 0.8586617 0.01958573
7 0.01407129 9 0.6316448 0.8685116 0.01961284
8 0.01219512 10 0.6175735 0.8708568 0.01961901
9 0.01000000 13 0.5795810 0.8771107 0.01963491
Variable importance
fixer_name reporter_name time_days week_day
32 32 13 6
description_size fixer_exp reporter_exp month_day
4 3 2 2
priority severity prev_state num_fix_files
1 1 1 1
month
1

Node number 1: 1530 observations
predicted class=0 expected loss=0.4990637 P(node) =1
class counts: 1284 1279.2
probabilities: 0.501 0.499

The variables making the largest contribution to the model, and a measure of their relative
importance, appear at the end (at least when a large cp argument is passed).

For the identity of people fixing and reporting problems to play such a large role in the
model, either this subset of people do work that is more likely to need to be looked at
again in the future , or the faults they close have some characteristic that causes the faults
they close to be reopened. This issue cannot be analyzed further using the available data.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/faults/reopened.R
file:///home/ESEUR-code-data/faults/reopened.R
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Figure 12.3: Unrooted tree denoting a phylogenetic tree
estimated from the paired similarity of the correspond-
ing source files contained in some releases of the major

variants of BSD unix. Data kindly supplied by Kanda.
Github—-Local
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The columns of numbers in the middle of the output contain two measures of error, for
various values of CP. Decision trees are susceptible to overfitting, and the xerror column
estimates the error using ten-fold cross validation (the error listed in the rel error col-
umn does not use cross validation and gives a rosier estimate). The output above suggests
that building a model using the CP value listed in the second row is likely to produce more
accurate results than other values (the default value of CP is 0.01).

See Github—odds-and-ends/were2012-delaystudy.R for an example of a decision tree analysis
of data containing many variables.

12.3 Clustering

Clustering is the process of grouping together items (into one or more clusters), such
that items in a given cluster are more similar to each other than items in other clusters.
Some commonly used measures of similarity include distance between items, density of
items, and distance from a set of items chosen to be representative of some collection of
characteristics of interest.

A clustering approach to data analysis requires a method for measuring item similarity,
and an algorithm for using this information to group the appropriate items within the same
cluster. Examples of attempts to understand data, via clustering, include: location based
distance (fig 2.19), similarity between Linux distributions based on packages they contain
(fig 4.17), trading relationships between companies (fig 4.40), developers contributing to
the same Apache project (fig 4.32), density of variables experiencing a given number of
read/writes (fig 7.46) and correlation between attributes of Github pull requests (fig 8.9).

A study by Kanda, Ishio and Inoue®’! reverse engineered the evolutionary history of nine
large software systems by comparing the similarity of the files containing the source code
used to build successive releases. Figure 12.3 shows an unrooted tree representation of the
phylogenetic tree estimated from the paired similarity of corresponding files contained in
various releases of OpenBSD, FreeBSD and NetBSD.

12.3.1 Sequence mining

Recurring subsequences may occur in a collection of related item (or event) sequences.
A common application of sequence mining is recommendation systems, such as finding
items that shoppers often buy together, or in sequence (e.g., as children grow up), or
shared buying patterns between groups of shoppers.

Common sequences often occur in calls to a given API, e.g., open/read/close.
The arules package supports the mining of association rules and frequent item sets.

Given N sequences of items, the fraction of these sequences containing a particular item,
say X, is known as the Support for X. Given that X appears in a sequence, what is the
likelihood that ¥ will also appear in that sequence (written {X = ¥ })? The following are
two common answers:

Support{X,Y'}

Confid X=Y}=
onfidence{ } Support{X}
Lif{X =Y} = Support{X,Y} _ Confidence{X =Y}
Support{X} x Support{Y'} Support{Y'}

A study by Fowkes and Sutton®?’ investigated the sequence of API calls made within the
method bodies of 17 Java systems. The following call to apriori searches for sequences
of method calls (in the drools business management system) having a given support and
confidence; see Github—odds-and-ends/drools.R:

library("arules")

drools=read.transactions(paste0(ESEUR_dir, "odds-and-ends/drools.csv"),
format="single", cols=c(1, 2))

rules=apriori(drools, parameter=1list(support=0.0001, confidence=0.1))

summary(rules)
inspect(head(rules, n=3, by = "confidence"))


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/odds-and-ends/dataset6_N.R
file:///home/ESEUR-code-data/odds-and-ends/dataset6_N.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/odds-and-ends/wcre2012-delaystudy.R
file:///home/ESEUR-code-data/odds-and-ends/wcre2012-delaystudy.R
https://www.drools.org
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/odds-and-ends/drools.R
file:///home/ESEUR-code-data/odds-and-ends/drools.R
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The number of rules, of a given length, found were (1hs and rhs refer to the two sides of
the = symbol):

rule length distribution (lhs + rhs):sizes
2 3 4 5
1478 252 32 5

If many results are returned, some form of visualization can help reduce the effort needed
to appreciate the distribution of results. The arulesVis package supports a variety of
ways of visualizing association mining results. Figure 12.4 shows what is known as a two-
key plot of the above results; the colored orders indicates the number of items contained
in each rule.

The apriori algorithm treats each item, in a sequence, as being independent. The order
of method calls may be significant, and the arulesSequences package adds sequence
mining functionality to the arules package.

A required call may be missing from a sequence of method calls; the recommenderlab
package provides support for developing and testing recommendation algorithms.

12.4 Ordering of items

Arranging items in order can reveal information about the form of the calculation used to
select the relative positions of ordered items. Given multiple orderings of the same items,
ordering patterns of subsequences of items, common to multiple sequences may indicate
a shared semantics for those items.

A ranking is created when items are placed in an order relative to each other. Items are
rated when, for instance, people are asked to provide a relative rating based on an ordinal
scale, e.g., the extent to which a person like/disliked a book. The analysis of rating data
is discussed in section 13.4.

12.4.1 Seriation

Seriation is the process of placing items into a linear order, based on a metric derived from
some item characteristics. The number of possible item orderings grows as n!, making it
impractical to evaluate every possibility for non-trivial sample sizes; heuristic algorithms
have to be used. The seriation package supports a variety of functions that attempt to
find an optimal linear ordering of items; see fig 4.32 and fig 7.12.

A study by Jones”** investigated the extent to which developers create similar data struc-
tures to hold information listed in a specification, e.g., grouping together identifiers con-
taining related information in the same data structure. The hypothesis was that shared
cultural and professional experiences would result in subjects defining data structures
containing similar contents.

Subjects were given a list of items from the “Department of Agriculture”, and asked to
design a C/C+ API containing this information. The results, from each subject, were
the structs or classes defined and their fields/members (with each field containing one
item of API information, e.g., “Date crop harvested” and “Organically produced”).

Ordering the data highlights API information that tends to be colocated in the same data
structure, and the subjects making similar choices.

Figure 12.5 shows the items placed in the same data structure as the information item “An-
tibiotics used”, by each subject (colored squares indicate presence). The matrix passed
to seriate contains boolean values (indicating presence in the same data structure), and
the subjects/fields are ordered so that shared usage appears adjacent. The bertinplot
function provides a particular visualization of the ordered data.

library("seriation")

fser=seriate(fmat, method="BEA",
bertinplot(fmat,

control = list(rep = 10))
fser, options=list(panel=panel.squares, spacing=0,
gp_labels=gpar(cex=0.6)))
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Figure 12.4: A two-key plot of associating mining re-
sults; order indicates number of items in rules. Data from

Fowkes et al.®2” Github—Local
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https://github.com/Derek-Jones/ESEUR-code-data/blob/master/odds-and-ends/drools-viz.R
file:///home/ESEUR-code-data/odds-and-ends/drools-viz.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/developers/api-struct/api-bertin.R
file:///home/ESEUR-code-data/developers/api-struct/api-bertin.R
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Figure 12.6: A visualization of the Robinson matrix based
on number of times pairs of items co-occur in the same
data structure (the closer to the diagonal the more often
they occur together). Data from Jones.?>* Github—Local

354 12. Miscellaneous techniques

A single item’s pattern of association, with all the other items, can be generalised by
counting occurrences of every pair of items in the same data structure. A Robinson matrix
has the property that the value of its matrix elements decrease, or stay the same, when
moving away from the major diagonal; this matrix has been used to study commonality
in subjects’ categorization behavior.'®®> Figure 12.6 shows a visualization of a Robinson
matrix for the Jones data.

library("seriation")

fdist = as.dist(1l - fmat/max(fmat)) # Normalise counts
fser = seriate(fdist, method="BBURCG")

pimage(fdist, fser, col=pal_col, key=FALSE, gp=gpar(cex=0.8))

12.4.2 Preferred item ordering

A list of items may have a preferred ordering. The ordering may be the result of ranking,
rating or a comparison between pairs of items.

Bradley-Terry statistics are a traditional technique for calculating an ordering for a list
of items, based on results from pairwise comparisons, e.g., football match results (there
is an extension for analyzing results from simultaneous comparisons of more than two
items). This section is based around use of the BradleyTerry2 package for simple paired
comparisons, and the PlackettLuce package for the more complicated cases.

An alternative approach to analyzing item ordering is discussed in section 9.6.1.

Given a contest between i and j, the probability that i beats j is assumed to have the form:

P(i>j)= m, where o; and o/; might be thought of as some measure of ability of i
i T

and j.
Bradley-Terry statistics uses logistic regression to model this equation, and fits the s in
the following equation:
P(i>j) - where: @; = ePi and o; = Pi

1 = . i — i .

J eﬁi + eB/ ' /

A study by Jones”! investigated developer beliefs about binary operator precedence. Sub-
jects saw an expression, such as a + b % c, and were asked to insert parenthesis such
that the behavior (as interpreted by the compiler) remained unchanged. Based on subject
answers, what is the relative precedence of the binary operators used in the study (which
may be different from the actual precedence)?

The parenthesis specifies the operator that can be treated as winning a precedence contest.
The BTm function, in the BradleyTerry2 package'®> takes the results from paired com-
parisons, and returns the coefficients of a fitted model (internally, the glm.fit function
is used to fit a logit regression model).

library("BradleyTerry2")
prec_BT=BTm(cbind(first_wl, second_wl), first_op, second_op, data=nodraws)
summary (prec_BT)

# A less interesting plot than the one specifically created

plot(qvcalc(BTabilities(prec_BT)), col=point_col, main="",
xlab="Operator", ylab="Relative order")

The output produced by summary has the same form as that produced for other regression
models. Note: the summary function does not list the factor with value zero (the subtrac-
tion operator, for this data). The BTabilities function lists all factors and their values,
and the call to plot uses this information to visualize the estimated coefficients and their
corresponding standard error.

Figure 12.7 shows the estimated 3 coefficients (along with a corresponding standard er-
ror), and can be used to estimate subjects beliefs about relative binary operator prece-
dence. The probability of, for instance, equality, ==, winning a precedence choice against


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/developers/api-struct/api-robinson.R
file:///home/ESEUR-code-data/developers/api-struct/api-robinson.R
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—2.08

o35 —+ 0.088,

binary plus, +, is (based on the values returned by the fitted model): -
208 1,

and the probability of binary plus, +, winning against == is: 0.912.

In a sports match, the home team is often considered to have an advantage over the away
team. Perhaps, when developers are uncertain they are more likely to select the first
binary operator, of a pair. A model can include information on first position wins, for each
operator pair (the effect is very small for this data); see Github—developers/jones_prec.R for
details.

The two item model can be extended to where three or more items are ranked by ordering
them according to some preference criteria. For instance, for a ranking of three items:

(04 % o
o;i+oj+0og O+ 0

P(i>j>k) =

The PlackettLuce package supports the analysis of rankings of more than two items, tied
ranks (i.e., items having the same rank), and rankings where some items do not appear in
every ranking.

A study by Biegel, Beck, Hornig and Diehl'®® investigated the ordering of definitions ap-
pearing in 5,372 classs, from 16 Java programs. The Java coding conventions (JCC)'7%>
recommends a particular ordering of the four kinds of definitions, and on average over
80% of classes in these projects follow the JCC ordering recommendation: class variable
(or field), instance variable (or static initializer), constructor and method.

Java definitions include access control information, via the use of the keywords: private,
protected, public and no keyword (the default behavior given in the language speci-
fication is used). The ordering of definitions in the source code, by identifier visibility
(i.e., access control), can be treated as a ranking. The declarations in a source file may
not contain an instance of every kind of access control, i.e., some rankings will include a
subset of items.

Figure 12.8 shows the relative ordering (ranking) of method definitions by access control
keyword, over all projects investigated; see Github—sourcecode/member-order/vis-key_order-
pref.R, which also includes details of other kinds of declarations. If the methods defined
in a class have three kinds of visibility (only 3% of cases in the study), the probability
of, for instance, the visibility order being public, protected, then private is (using 3
values from the fitted model):

2036 o036

D36 1036 1 o067 X o036 o067+ 0-24x0.58 =031

When teams are ranked, with varying team membership, the hyper2 package may be of
use in obtaining a ranking of the individuals.

12.4.3 Agreement between raters

A measurement may be based on human judgement, e.g., assigning a product rating.
Different people may make different judgements of the same characteristic/entity, and a
way of evaluating the agreement between the different judgements is needed.

Cohen’s Kappa is a measure of inter-rater agreement between two raters, it varies from
zero (no agreement) to one (perfect agreement). Fleiss’s Kappa is a measure of inter-rater
agreement between three or more raters.

The kappa2 function, in the irr package, supports Cohen’s Kappa (weighting is sup-
ported by passing the argument weight="squared"); the kappam.fleiss function cal-
culates Fleiss’s Kappa.

A study by Schach, Jin, Yu, Heller and Offutt!040 categorised the kinds of maintenance
activity performed on various systems. Table 12.1 lists the categories assigned by two
raters to 215 maintenance categories involving the first 20 versions of Linux. The Cohen’s
Kappa for these two raters is 0.805; see Github—group-compare/agreement.R.

12.5 Simulation

Simulating a process or system, via an executable model, is a means of gaining informa-
tion about the operational characteristics of the process or system (assuming the charac-
teristics of the model are sufficiently accurate). Varying the characteristics of a simulation

L &1 '
o
®  <<1 '
©
o | !
(@]

<A1 |

%- +

&& 1 1

B

Figure 12.7: Relative ordering of binary operator prece-
dence (i.e., value of ), and corresponding standard error,
based on subject responses to binary operator precedence
questions. Data from Jones.”>! Github—Local
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Figure 12.8: Fitted values of 3 for access control (visibil-
ity) of method definitions within a Java class. Data from
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Adaptive
Corrective
Perfective
Other
Total

Adaptive Corrective  Perfective Other Total

2 0 0 0 2
0 82 16 0 98
0 5 99 2 106
0 0 0 9 9
2 87 115 11 215

Table 12.1: Maintenance categories assigned by two raters (row and column) for the first 20 versions of the Linux kernel at the change-log level. Data from Schach et al.'4

Figure 12.9: Region populations and their connections:
numerical solution

initial conditions used in Duggan’s
of the Bass equation. Github—Local
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model can provide possible answers to what-if questions. Some of the kinds of simulation
methods available include:

* discrete event simulation: the system modeling is based on the discrete events that can
occur; supported by the simmer package, e.g., staff scheduling, see Github—projects/impl-
sim.R,

* agent-based modeling: a set of agents, having specified attributes, interact with each
other in a computer simulation. After a given number of time steps the state of the
system is measured, with the results from many simulation runs combined to calculate
probabilities for the various end-states. NetLogo is a widely used system for agent-
based modeling and the RNetLogo package provides an R interface,

 system dynamics: represents a system using causal loops between all the interacting
components, essentially an analogy representation of differential equations. This ap-
proach has been used to simulate software project staffing,>273 1188

« differential equations: if a system can be described using a set of differential equations,
the deSolve package can be used to numerically solve these equations.

Fitting sales data to the Bass diffusion model was discussed in section 3.6.3. Dug-
gan’!3 investigated the impact, on sales volume, of the spatial separation of potential
customers living in 10 regions. Figure 12.9 shows the connections between regions,
and the percentage of total population they contain, given as initial conditions in the
numerical solution; see Github—odds-and-ends/RJ-2017.R for implementation details.
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Chapter 13

Experiments

13.1 Introduction

Does doing X have a significant effect on S? Traditionally X might have been a new kind
of fertiliser (or drug) and S the crop yield (or being cured of some illness). In software
engineering the effect sought is often a performance improvement, and X the latest snake
oil. Detecting discontinuities in data is discussed in section 11.2.9.

In an observational study the researcher is a passive observer, simply recording what
happened, or is happening. In an experimental study the researcher actively attempts
to control the values of the explanatory variables (a common technique is to vary the
values of one explanatory variable, while the others are held constant; in some cases,
the environment in which events occur form a natural experiment, in that the explanatory
variables of interest vary in a way that an experimenter might vary them).

A controlled experiment is the technique used to obtain the data needed to test a hypoth-
esis. The controlled experiment that most developers are likely to be familiar with is
benchmarking.

Dramatic changes in performance, after doing X, are relatively common in software devel-
opment, and in such cases using statistics to confirm that a noticeable change has occurred
is almost a formality. At the other extreme, differences that require statistical analysis to
be detected are often not worth being concerned about in practice.

Adpvice for running experiments often follows the waterfall model of software develop-
ment, with lots of upfront planning and little or no feedback from actual use until the
end of the process. This advice has its roots in the environment in which experiments are
carried out by the readership of many statistics text books, where running an experiment
is costly (in money or time), or is a once only opportunity.!

Some experimental questions in software engineering are amenable to iteration. Running
quick, inexpensive experiments, can be a cost effective technique for filtering possible
questions of interest, and obtaining information on which, of the myriad of variables,
have a worthwhile impact on the response variable(s).

Finding the right question to ask is sometimes the most useful output from running an
experiment.

An important point to remember is, that, it is better to have an inexact answer to the right
question, than an exact answer to the wrong question.

Like all software development activities, experiments have to pay their way. Some of the
answers needed for a cost-benefit analysis include: the cost of running an experiment,
capable of producing the information of interest, within acceptable confidence intervals;
the usefulness of the data likely to be obtained, by running an experiment, using a given
amount of resources (such as time and money).

Many software engineering tasks are performed within complex environments. Control-
ling and measuring all the variables in the environment has been perceived as being time-
consuming and expensive that few researchers have been willing to attempt realistic con-
trolled experiments. Consequently, much of the hypothesis testing performed in commer-

iExperiments in the social sciences, major producer of experimental studies, are often grant funded, with
limited opportunities for rerunning experiments that failed to produce data that can be published.
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cial environments has been based on convenience samples, obtained from experimentally
uncontrolled, production software projects.

Running an experiment with minimal funding means that experimental subjects are often
unpaid volunteers, from a pool containing who ever is available.

Software engineering is not known as a research area where experiments are commonly
performed. A study!”!” of 5,453 papers in software engineering journals, published be-
tween 1993 and 2002, found that only 1.9% reported controlled experiments (of which
72.6% used students, only, as subjects), and the statistical power of many of these exper-
iments fell below expected norms.>

13.1.1 Measurement uncertainty

The term measurement error is often applied to measurements involving physical quan-
tities. It is based on the assumption that any different between the measured and actual
value is caused by errors made by the measurement process.

In software engineering, some quantities can be measured exactly, e.g., lines of code in a
source code file. However, the process that generated the code (e.g., a software developer)
may produce a different number of lines, if repeated using a different developer or even the
original developer (reimplementing the program); see fig 5.23. The code that is measured
is a sample drawn from a population, and measurements involving this code needs to be
treated as having an accompanying uncertainty.

Goodhart’s law is an observation about human behavior, rather than a law: “Any ob-
served statistical regularity will tend to collapse once pressure is placed on it for control
purposes.” If the measurements collected were actively used to control or evaluate the
development team (for instance), then developers have a motivation to cause the measure-
ments to move in a direction favorable to themselves.

A study by Perry, Staudenmayer and Votta'4”? investigated various software development

activities (e.g., working time on an activity, and activities performed throughout the day),
as measured by the developers involved (i.e., self reports) and as measured by external
observers. Differences in reported measurement values included, developers reporting
activity time 2.8% higher, on average, than that reported by an observer; the measurement
agreement rate for activities performed varied between 0.6 and 0.95.

A series of studies®® of social network data, as reported by those within the network and

extracted from externally observed information, found that differences were large enough
to render invalid any analysis of a network characteristics based on member supplied
information.

Random variability in the performance of, what are intended to be, identical hardware
components, is discussed in section 13.3.2.1.

Different tools, or different tool options may produce different results, e.g., the diff al-
gorithms supported by Git,'3** reported statement coverage,'*° or clone detection tech-
nique.'83

A study by Li' investigated the call graphs built by four Python tools. Figure 13.1
shows the number of nodes in the call graphs built by four tools, broken down by number
of nodes common to each tool.

Programs sometimes consume increasing amounts of memory, the longer they are run;
sometimes known as software aging. One consequence of changes in the behavior of the
environment in which a benchmark is executed, is to introduce systematic noise into the
results.

A study by Cotroneo, Iannillo, Natella and Pietrantuono*!” investigated the impact of

running two applications on three versions of Android, installed on four different phones,
running with low/high available memory, and three kinds of event interactions (i.e., 2 *
3% 4 %2 %3 combinations of App, environment, and usage); there were an average of 272
App executions per combination, i.e., 39,187 total executions. A fitted regression model
finds that the amount of memory used consistently changed by a small amount with each
successive App execution, with the amount depending on environment and event use (less
than 10 bytes); see Github—benchmark/2005-11523.R.
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13.2 Design of experiments

Randomization is the foundation on which any claims of causation, involving experimen-
tal results, are based, i.e., doing X caused Y. Without randomization, the most that can be
said is that a correlation has been observed between doing X, and Y occurring.

The purpose of running an experiment is to obtain data that can be used to help answer
one or more questions. Experiments have to be carefully designed, to ensure that the
data obtained is representative of the processes involved for the question(s) being asked.
Design issues include:

* recruiting the appropriate subjects from the available population (sampling is discussed
in section 10.2),

* creating an experimental task(s) that shares all the important characteristics of the tasks
associated with the questions of interest,

e creating an environment for the subjects, in which they can give a suitable performance,
during the experiment.

Subject characteristics can sometimes interfere with good experimental design, e.g.,
human subjects have memories of their previous experiences that they cannot choose to
erase,

* controlling all variables that could have a significant impact on the response variable(s)
of interest. Failure to take into account, and control, variables having a significant
impact, can cause a tiny effect to appear to be a large effect and vice versa. One person’s
tongue-in cheek-advice on how to bias an experiment to get the desired outcome'?38 is
another person’s list of thoughtless mistakes.

When factors cannot be controlled, they need to have their impact contained. One tech-
nique for handling the problem of uncontrolled variables is to group subjects into blocks
based on the variable that is suspected of influencing the response (a process known as
blocking), randomization of subjects then occurs within each block. The identity of the
block becomes another explanatory variable during analysis of the results.

A study by Basili, Green, Laitenberger, Lanubile, Shull, Sgrumgéard and Zelkowitz'*"

compared the performance of subjects when using perspective based reading (which in-
structs reviewers to read a document from a specified perspective, e.g., a designer, tester
or user), against the reading technique currently used by the professional developers who
were the subjects.

The researchers thought it likely that, training subjects to use the new technique would
alter their performance when using whatever technique they currently used, and decided
to measure subject performance using their existing review technique first, before giving
subjects training in the new, perspective based reading, technique.

Having all subjects use the perspective-based reading technique second, means it is not
possible to separate out ordering effects in the results, e.g., effects such learning during
the experiment, and any random distraction effects that only occurred at certain times.

Factors outside the control of these researchers, which could affect the results, include:

* the time taken for subjects to become proficient at using a new technique; old habits die
hard. How much practice do subjects need, for them to be able to give a performance
that makes it possible to reliable compare the new technique? In this study subjects
were taught PBR two days after the first part of the experiment, they trained on a test
document, reviewed one document, received more training and then reviewed another
document.

* the kind of review technique used by subjects in the first half of the experiment. A
change in performance is expected, but it is not known what technique any change is
relative to (it is assumed that adhoc techniques are being used),

* the characteristics of the seeded faults. Were more faults found in the NASA documents
because readers were familiar with reading that kind of document, or perhaps the char-
acteristics of the seeded faults was such that they were harder to detect in one kind of
document than another?

The experimental output included, for each subject, the number of faults detected (which
has a known upper limit, and a yes/no detection status), and the number of false positives
in each document reviewed (which has no upper limit, in theory); see Github—faults/basili/pbr-
experiment.R for details of fitting a regression model.
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Basing all experimental choices on random selection does not automatically create sam-
ples that maximise the information that can be obtained.

A study by Porter, Siy, Mockus and Votta'>"7 investigated software inspections. The
structure of the inspection process was manipulated by varying the number of reviewers
(1, 2 or 4), number of meeting (1 or 2), and for multiple meetings whether reported faults
were repaired between meetings (88 inspections occurred, involving 130 meetings and 17
reviewers).

Selecting the treatment to use, for a review, from successive entries on a randomised
list of all possible treatment structure combinations (created at the start of the study),
would ensure that the results are balanced across the variables of interest. However,
in this study the choice of treatment to use was randomly selected from all possibili-
ties, as each unit of code became available for review, resulting in some combinations
of reviewers/meetings/repaired not being used, and some used very often. The results
contain an unbalanced set of experimental conditions, making it difficult to fit a reliable
model; see Github—experiment/porter-siy/inspection.R, Github—experiment/porter-siy/meeting.R
and fig 11.33.

The complexity of computing platforms means their behavior can quickly change. A
study by Barrett, Bolz-Tereick, Killick, Mount and Tratt!3° investigated the performance
of Just-in-time compilers. The computer system (three different systems were measured)
was rebooted and a benchmark run 2,000 times, this process was repeated 30 times, i.e.,
60,000 executions of every benchmark on three systems. Every effort was made to reduce
measurement noise, e.g., as many background processes as possible were disabled.

Figure 13.2 shows the wall time taken for three sequences of 2,000 executions of a
Javascript BinaryTree benchmark, running on a quad-core Intel i7-4790. The abrupt
changes in performance match a change in the processor core used to execute the code;
the benchmark process could have been locked to a given core, but would that be represen-
tative of real-life use? As discussed later (see fig 13.22) performance variability between
system reboots can be larger than between a sequence of runs during one uptime.

13.2.1 Subjects

Experimental subjects might be people or artefacts, e.g., hardware or source code. An es-
sential requirement for generalising the results from an experiment, to a larger population
of subjects, is that the characteristics of the sample of experimental subjects are repre-
sentative of the applicable characteristics of the population of interest. Statistical issues
around sampling are discussed in section 10.2.

The major issues involved in having computer hardware as an experimental subject are
covered in section 13.3, while the major issues in human cognitive performance are cov-
ered in chapter 2. A limiting factor, when designing an experiment involving human
subjects, is typically the amount of time the subjects are likely to be willing to make
available to participate.!”!®

When people are the subjects in experiments, a variety of human factors introduce uncer-
tainty into the results; people constantly adapt to their environment, including the envi-
ronment of an experiment (e.g., they learn and retain memories of their experiences; see
section 2.5), they also experience fatigue, and their attention ebbs and flows during an
experiment.

Professional developers, working within different ecosystems, may share a set of basic
skills and knowledge, such as being able to fluently use at least one programming lan-
guage.

Much of the published research involving human subjects, in software engineering ex-
periments, has used students. Students are a convenience sample for many researchers,
with results based on student subjects being accepted for publication by some journals.
Industry is well aware that students’ software engineering skills are not representative of
professional developers (who have a few years experience); industry is where many grad-
uates find employment after graduation, and the abilities of these new employees is plain
for everyone in industry to see.

* students’ commercial software skills and knowledge is likely to be very poor, in com-
parison to professional developers.'3?® This lack of experience and know-how means
that student subjects need to spend time on activities that are second nature to profes-
sionals, or they simply make noncommercial judgement calls,
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* students, typically, have very little experience of writing software, perhaps 50 to 150
hours (and many have no basic coding skills'!5%1234:1867) "while commercial software
developers are likely to have between 1,000 to 10,000 hours of experience. This lack
of programming fluency means that student programming performance is likely to con-
tains a large learning component, as well as student performance being much lower than
professional developers, 3%

In other research areas students subjects may be more representative of the target pop-
ulation, because they have had many years of experience performing the activities and
tasks used in those areas, e.g., processing text written in English and everyday image
processing, which are activities used in cognitive psychology experiments.

When experimental results are intended to be applied to the population of university stu-
dents studying a software related subject, subjects drawn from this population can be
representative.

In the US, UK and some other countries, students pay to attend university, and like all
businesses universities have to respond to customer demand. When a student decides
to study a computing related subject, the University’s interests are in ensuring that the
student meets its minimum entry requirements and can pay; the likelihood of that person
being offered employment in a software related job is not a consideration (in the UK
computer science graduates have a much higher unemployment rate, six-months after
graduation, compared to those studying other STEM subjects'®7?). Given the high failure
rate for computing degrees'?’® and introductory programming courses, 3> many students
on such courses may not even have any software development skill or ability.

Note on terminology: many academic studies use the phrase expert to describe subjects
who are final-year undergraduates or graduate students, with the term novice used to de-
scribe first-year undergraduates. In a commercial software development environment a
recent graduate is considered to be a novice developer, while somebody with five or more
years of commercial development experience might know enough to be called an expert.

Amazon’s Mechanical Turk is becoming popular as a resource for finding subjects and
running experiments (in 2015 the population of workers was estimated to be 7,300'781).
Subjects can stop taking part in a MTurk experiment at any time and care needs to be taken
to ensure that the characteristics of subjects who remain does not bias the results.??20

Instances of source code can be measured exactly, but different people write different
code, i.e., measurements of source code contain implicit variability; see figure 5.23.

13.2.2 The task

Generalizing experimental results to daily work conditions, requires that the character-
istics of the tasks performed by subjects share the essential characteristics of the work
tasks. That is, the task needs to mimic realistic activities (the technical term is being
ecologically valid):

* being representative of real world intended usage requires information about how a
system will be used in practice, along with the inputs it is likely to experience; lack of
resources to perform an analysis of real world usage often means that a convenience
sample is used. In a rapidly changing environment, it may not be possible to specify
usage patterns in sufficient detail, and perhaps one of the important real world behaviors
that needs to be benchmarked is adaptability to change.

A study by Gregg and Hazelwood’*® provides an example where data usage character-
istics are the deciding factor in a cost/benefit trade-off. The time taken to perform a
matrix multiply, when the CPU uses a local GPU (the SGEMM implementation in the
nVidia CUBLAS package'?*” was used) was measured. Figure 13.3 shows that mov-
ing data between the CPU and GPU consumes a significant amount of time, relative
to the work done on the data once inside the GPU. Estimating whether GPU usage is
worthwhile, depends on the size of matrices encountered in the real world use case,
the performance may be slower because of the data transfer overhead, or faster if the
matrices are large enough to consume the larger amount of compute resources.

Another example of the impact of variations in the input data relates to fig 10.9,

* Products that appear to be very similar can have very different performance character-
istics (this is one reason why they exist as different products; the other common reason
is marketing). Using a product that is identical to the one used in production avoids this
problem.
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In a study by Bird,?! a performance optimization expert took the existing generic code

of a library and created tuned versions for each of five different processors (IBM’s Blue
Gene P and four different members of Intel’s x86 product line). The performance of the
generic, and all tuned versions of the code, was measured on all processors. Figure 13.4
shows relative performance, with the x-axis listing the processor the code was tuned for,
and the y-axis the processor on which it was run; the numbers are relative performance
difference, compared to running code on the processor for which it was specifically
written.

Availability of resources is often a constraining factor, for running an experiment that
mimics real world usage. For example, benchmarking backup/restore tools, or desktop
search applications, requires realistic file system contents (e.g., the file system must con-
tain a realistic number of files, directory depth, disk fragmentation, etc); getting to a
position of being able to generate realistic file systems is a non-trivial task,'® let alone
realistic file content characteristics.!8!4

13.2.3 What is actually being measured?

Subjects may not solve the problems they are presented with, in an experimental, in ways
that were intended by the person who designed the experiment.

The history of research into human memory provides an example of how early experimen-
tal results were misinterpreted.””® These early experiments asked subjects to remember
sequence of digits, the results suggested that short term memory has a capacity limit of
7+2 items.'?%* After many years and more experiments, the 7 &2 digit limit model was
replaced by a model based on a limit of 2 seconds of sound''® (in English this corre-
sponds to around 7 digits, 5.8 in Welsh>*? and around 10 digits in Chinese:®! the number
of digits that can be held in memory when people use these languages).

Software developers are problem solvers and get plenty of practice in finding patterns that
can be used to achieve a goal. Unless an experiment is carefully constructed, it is naive to
assume that developers will use any of the techniques anticipated by the person designing
the experiment.

Your author once ran several experiments,”®! expecting to find a two seconds of sound

effect in developers short term memory of source code (sequences of simple assignment
statements were used). A great deal of effort was invested in creating code sequences
whose spoken form required either more or less than two seconds of sound, but the results
did not contain any evidence of the expected effect, i.e., a difference in performance
caused by the length of sound in the spoken form of source code statements.

At the end of one experiment, a subject mentioned a strategy used to help improve his
performance: remembering the first letter of each variable (your author had not noticed
that the variables in each list had unique first letters). Use of this strategy reduced the
amount of STM the subject needed to use, providing one explanation why the expected
effect was not found. The last task, on subsequent experiments, asked subjects to list any
strategies they had used during the experiment.

What appear to be small differences, can have a large impact. Human written source code
contains very similar constructs where, what might be thought to be small differences
in semantics, have usage patterns which are very different. For instance, many languages
allow numeric literals to be specified using decimal and hexadecimal notation; figure 13.5
shows that the distribution of literal values written using each notation is different (at least
in C source).

A study’>® of how subjects split identifiers, in source code, into components, and ex-
panded them, or not, into words, measured individual performance against what was con-
sidered to be the definitive expansion of each identifier. The results of this experiment
could also be used to measure the performance of the researchers, in creating a list of
identifier expansions that maximised the likelihood of developers correctly decoding the
intended information.

Subject motivation is an important factor in obtaining reliable experimental data. Subjects
who feel they are being coerced may respond by providing spurious responses, or simply
attempt to find short-cuts that minimise the time then need to spend taking part in the
experiment, without attracting attention by making too many mistakes.””! Your author
always requests that subjects put as much effort into performing the task, as they would
at work: not more, not less.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/cpu-tuning.R
file:///home/ESEUR-code-data/benchmark/cpu-tuning.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/sourcecode/litvals.R
file:///home/ESEUR-code-data/sourcecode/litvals.R
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13.2.4 Adapting an ongoing experiment

The costs of running an experiment makes it tempting to stop, as soon as what is thought to
be enough data has been obtained (to produce a sufficiently reliable result). For instance,
a researcher may process subjects in batches, running statistical tests after each batch of
results, to find out whether the numbers look good/bad enough to stop. One study'8* of
A/B testing estimated that 73% of experimenters stopped their experiment once a 90%
confidence level was reached.

As each subject is analysed, differences in subject performance cause the aggregated val-
ues to fluctuate, and it is possible that some cut-off value (e.g., a p-value cutoff level) is
achieved; however, later data may cause it to fluctuate to a less extreme value.

When running an experiment on a live system (or on a stream of subjects), an analysis of
the ongoing measurements may suggest that certain changes to the experiment may have
a worthwhile impact. Adaptive designs is the term used for experimental designs that
support modification of an experiment as results become available.

An adaptive design might be used to reduce the number of different combinations that
need to be measured, e.g., benchmarking a computing system supporting many options.'>3>

13.2.5 Selecting experimental options

The behavior of some systems may be configured by selecting from a variety of options;
an estimate of the impact of individual options, on system performance, may be required.
One way of obtaining this information, is to measure system performance for all possible
combinations of option values. This approach might be practical for a few options, each
having relatively few values, e.g., Apache supports nine build time yes/no options giving
29 possible configurations (out of these 512, only 192 are valid). However, large systems
often support so many options, that building and executing every configuration would be
impractical, e.g., SQLite supports 3,932,160 valid options.

A study by Lee and Brooks'!?? investigated the impact of configuration option values on
the performance and power consumption of a computer architecture by simply selecting
three values for each of the 23 design space options; see Github—experiment/lee2006/lee.R.

Randomly selecting option values is an inefficient use of resources, because some option
values are over/under used; see Github—experiment/SQL_PWR.R.

An experiment in which all possible permutations of option values are tested, is known
as a full factor design (options go by the experimental term factors). The fac.des
ign function, in the DoE.base package, takes a specification of factor levels and re-
turns a list of all combinations that need to be run to perform a full factor design; see
Github—experiment/design_fac.R.

A study by Citron and Feitelson®® investigated the performance impact of adding, what
they called a Memo-Table (essentially a cache designed to store and reuse the results of
previously executed instruction sequences), to the IBM Power4 cpu architecture. The
configuration options for the Memo-Table were: Size (1k or 32k), Associativity (1-way
or 8-way), Mapping (indexing by program counter or operand+opcode) and Replacement
method (random or least recently used).

Four configuration parameters, each having two possible values, gives 4> — 16 possible
configurations. Citron and Feitelson benchmarked all 16 possibilities, enabling them to
check for interactions between all factors. In many experiments the number of interac-
tions between factors is small, and a common cost saving is to only consider interactions
between pairs of factors (rather than, say, between three factors).

Factor having just two possible values is a common case, and is known as a two-factor
factorial design: it is a full two-factor design when all combinations used, and a fractional
two-factor design when a subset is used.

The FrF2 function, in the FrF2 package, generates a list of the combinations of factor
values that need to be run, to analyse N factors having a resolution of R (the ability to
separate out main effects and interactions between factors; to be able to separate out main
effects a resolution of 3 is required, a resolution of 4 enables detection of separate pairs of
interactions). In the following list, 1 indicates the option is enabled, -1 that it is disabled;
the output from some functions uses +/-, rather than 1/-1:


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/experiment/lee2006/lee.R
file:///home/ESEUR-code-data/experiment/lee2006/lee.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/experiment/SQL_PWR.R
file:///home/ESEUR-code-data/experiment/SQL_PWR.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/experiment/design_fac.R
file:///home/ESEUR-code-data/experiment/design_fac.R

Figure 13.6: A cube plot of three configuration factors and
corresponding benchmark results (blue) from Memory ta-
ble experiment. Data from Citron et al.3%® Github—Local
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> library("FrF2")

> FrF2(nfactors=4, resolution=3, alias.info=3)
A B C D

11 1 1 1

2 1-1 1-1

3-1 1-1 1

4 1-1-1 1

5-1-1-1-1

6 1 1-1-1

7-1 1 1-1

8-1-1 1 1

class=design, type= FrF2

The price paid for running a fractional, rather than full, factorial design experiment, is that
it is not possible to distinguish interactions between some combinations of factors. For
instance, after running the eight combinations listed above, it is not possible to distinguish
between an effect caused by a combination of the AB factors, and one caused by the
combination CD; this combination is said to be aliased. The complete list of aliased factors
is:

> design.info(FrF2(nfactors=4, resolution=3, alias.info=3))$aliased
$legend
[1] "A=A" "B=B" "C=C" "D=D"

$main
[1] "A=BCD" "B=ACD" "C=ABD" "D=ABC"

$fi2
[1] "AB=CD" "AC=BD" "AD=BC"

$fi3
character(0)

To distinguish between an effect caused by any of these combinations, all 16 factor com-
binations have to be run.

Factorial designs require the number of runs to be a power of two, so the number of
different runs grows very quickly as the number of factors increases.

A Plackett and Burman design requires that the number of runs be a multiple of four and
at least one greater than the number of factors (they are non-regular fractional factorial
2-level designs). The down-side of these designs is that the results from experiments us-
ing them will only support the analysis of the main factors, i.e., any interactions between
factors will not be detected; also Plackett and Burman designs can contain complex alias-
ing between the main factors and (possible) interactions between pairs of factors. The pb
function, in the FrF2 package, generates Plackett and Burman designs.

Multiple fractional factorial designs can be combined to isolate effects, i.e., remove alias-
ing between combinations of factors. Some signs in the original design are switched,
creating what is known as a fold over of the original; switching the signs of all factors is
known as a full fold over. The fold.design function generates a foldover design from
an existing design.

13.2.6 Factorial designs

A variety of techniques are available to help visualise the results from an experiment using
a factorial design. The analysis is the same for full and partial fractional designs, the only
difference is the number of interactions between factors that will be available for analysis.

The study by Citron and Feitelson,*®® discussed earlier, used the SPEC CPU 2000 bench-
mark, and the values measured were integer floating-point performance, power consump-
tion, processor timing, and die area of the chip.

For simplicity consider three of the factors (ignoring, for the time being, the replacement
method), the results can be visualised as a cube with each of the eight vertices representing
one combination of factor values; the values at each vertice of figure 13.6 are the SPEC
benchmark cint performance figures.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/experiment/MemoPower03_cube.R
file:///home/ESEUR-code-data/experiment/MemoPower03_cube.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/experiment/MemoPower03_design.R
file:///home/ESEUR-code-data/experiment/MemoPower03_design.R
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Imagine taking two opposite faces of the above cube, say the two for size on the left and
right going into the page, and finding the mean cint value for both faces, the difference
between these two values is known as the main effect for size; the main effect for the
other factors is similarly calculated.

A design plot is a visualisation of these main effects, with a central horizontal line showing
the overall mean value of the response variable. Figure 13.7, created using the plot.
design function, shows the impact that each factor can have on the value of cint, offset
from the mean value.

For an example involving more changeable parameters; see Github—experiment/lee2006/lee.R.

At a finer level of granularity, an interaction plot shows the interaction between pairs of
factors. Figure 13.8 shows how the mean value of cint varies as size is changed, for a
given value of mapping (see legend).

For an equation based analysis, a fitted regression model can be used to investigate the
interactions between factors. For instance, the following model specifies interactions be-
tween all variable pairs; see Github—experiment/MemoPower03.R for details:

Memo_glm=glm(cint ~ (size+associativity+mapping)A2, data=Memo)

A study by Pallister, Hollis and Bennett'*** investigated the power consumed by various
embedded programs when compiled with gcc using various command lines parameters.
The design used contained partial aliases, which many plotting functions cannot handle;
the halfnormal function, from the DoE.base package, has an option to orthogonalize
the design; see Github—experiment/pallister/gcc-power.R.

Plackett and Burman designs do not contain enough information to fit a regression model,
a bespoke method has to be used, e.g., the DanielPlot function, in the FrF2 package
(in the plot produced, the x-axis shows effect size, the y-axis contains diagnostic infor-
mation). If the data is the result of random variation (i.e., changing factor values has no
effect), differences between pairs of factor averages have a (roughly) normal distribution;
plotting values from a normal distribution using a normal probability scale produces a
straight line. If many of the points displayed by DanielPlot appear to form a straight
line, then the corresponding factors are likely to have had little effect on the results; any
factors well off the line are of interest.

A study by Debnath, Mokbel and Lilja*** investigated the impact of seven system con-
figuration settings on PostgreSQL performance, on the TPC-H benchmark. High and low
values were chosen for the configuration values and a Plackett and Burman design with
full fold-over was used. Figure 13.9 shows the half-normal plot from the 16 runs; factors
P4 and P7 do not fall on a straight line that passes close by the other factors, and they also
exhibit the largest effect.

13.3 Benchmarking

Benchmarking is the process of running an experiment to obtain information about the
performance of some aspect of hardware and/or software. Common reasons for bench-
marking, in software engineering, include comparing before/after performance and ob-
taining numbers to put in a report. For a more general audience, benchmarking infor-
mation is often used as input to a selection process and as such often has a marketing
orientation. Accurate measurements are not always necessary, showing that a system is
good enough, may be good enough.

The time taken to add and multiply values was used to compare the performance of early
computers.?06 12321941, 1942 gy dies by Knight!92%10%7 calculated performance based on
a weighted average of instruction times, based on the kinds of instructions executed by
commercial and scientific programs. Based on a study of over 300 computers available
between 1944 and 1967, the rental cost for performing an operation decreased with in-
creasing computer performance; see figure 13.10, the lines are fitted power laws with
exponents between two and three; see Github—benchmark/EvolvingCompPerf 1963-1967.R.

Obtaining accurate benchmark data for many questions relating to computing platforms it
may to be economically infeasible." A consequence of the continual reduction in the size

fiplot.design makes some unexpected display decisions when the explanatory variables are not factors.
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of components within microprocessors (see figure 13.11 and fig 11.51), is that individual
components are now so small that variations in the fabrication process (e.g., differences
in the number of atoms added or removed during the fabrication process) can noticeably
change their geometry, leading to large variations in the runtime electrical characteristics
of supposedly identical devices.'8’

Manufacturers offer computing systems having a range of performance characteristics;
figure 13.12, lower plot, shows all published results for the integer SPEC2006 bench-
mark. While hardware performance has now improved to the point where for many uses
it appears to be good enough, it is still possible to buy hardware that is under-powered for
the job it is expected to perform; figure 13.12, upper plot, shows the orders of magnitude
improvements in cost and performance of sorting over 15 years.

Benchmark results published for general consumption are sometimes little more than mar-
keting claims. The author(s) may have reasons for wanting to create a favourable impres-
sion for one system, in preference to others, or may just have done a sloppy job (perhaps
because of inexperience, incompetence or lack of resources to do a decent job). A class
action suite alleged that:®’> “Intel used its enormous resources and influence in the com-
puting industry to, in Intel’s own words, "falsely improve" the Pentium 4’s performance
scores. It secretly wrote benchmark tests that would give the Pentium 4 higher scores,
then released and marketed these "new" benchmarks to performance reviewers as "inde-
pendent third-party" benchmarks. It paid software companies to make covert program-
ming changes to inflate the Pentium 4’s performance scores and even disabled features on
the Pentium III so that the Pentium 4’s scores would look better by comparison.”"V Us-
ing an established benchmark does not guarantee the results are free of vendor influence.
One class action suite alleged'®!? “Samsung intentionally rigged the GS4 to operate at a
higher speed when it detected certain benchmarking apps. In versions of the GS4 using
the Qualcomm Snapdragon 600 processor, Samsung wrote code into the firmware (em-
bedded software) of the GS4 to automatically and immediately drive Central Processing
Unit ("CPU") voltage/frequency to their highest state, and to immediately engage all four
of the processing cores of the CPU.”"

In some consumer goods markets, product benchmark results receive a lot of publicity,
with potential customers thought to be influenced by the results achieved by similar prod-
ucts. A study by Shimpi and Klug,'®® of Android benchmarks, found that some mobile
phone vendors detected when a particular benchmark was being run and raised the devices
thermal limits (allowing the system clock rate to run faster for longer; a 4.4% performance
improvement was measured).

Researchers are happy to complain about poor benchmarking practices, but are not always
willing to name names.'874

In published benchmark results the Devil is in the detail, or more often in the lack of
detail, as illustrated by the following:

* Bailey'!® lists twelve ways in which parallel supercomputer benchmarks have been
written in a way likely to mislead readers, including: quoting 32-bit, not 64-bit results,
quoting figures for the inner kernel of the computation, as if they applied to the complete
application, and comparing sequential code against parallelized code.

« Citron®® analysed the ways in which many research papers using the SPEC CPU2000
suite have produced misleading results, by only using a subset of the benchmark pro-
grams (of 115 papers surveyed, 23 used the whole suite). In one case a reported speed
up of 1.42 is reduced to 1.16 when the whole suite is included in the analysis (reduction
from 1.43 to 1.13 in another and from 1.76 to 1.15 in a third).

The primary purpose of this section is to highlight the many sources of variability present
in modern computing systems. The available evidence suggests that large variations in
benchmark results are now the norm. Large variations in measured performance do not
prevent accurate results being obtained, the impact is to increase the time and money
needed, i.e., it is simply a case of making enough measurements. Advice on how to
perform benchmarks is available elsewhere %78

People interested in consistent performance will want to minimise the variation in bench-
mark results (which did occur for some programs), while those interested in actual bench-
mark performance will be interested that significant changes in the mean occurred for
some programs.

The class action was settled!’8> with Intel agreeing to pay $15 to Pentium 4 purchasers, $4 million to a
non-profit entity and an amount not to exceed $16.45 million to the lawyers who brought the suit.

VThe class action was settled'®'> with Samsung agreeing to pay $2.55 million, with each member of the
class action estimated to receive $38.38.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/sort-benchmark.R
file:///home/ESEUR-code-data/benchmark/sort-benchmark.R
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When comparing different systems, benchmark performance may be normalised to pro-
duce a relative performance ranking. The geometric mean needs to be used when com-
paring normalized values, otherwise the results can be inconsistent.

R M Z RM MR RZ ZR MZ ZM

E 417.00 244.00 13400 171 059 311 032 182 0.55

F 83.00 70.00 70.00 119 084 1.19 084 1.00 1.00

H 66.00 153.00 135.00 043 232 049 205 1.13 0.88

I 39449.00 33527.00 66000.00 1.18 0.85 0.60 1.67 0.1 1.97

K 772.00 368.00 369.00 210 048 209 048 1.00 1.00
Arithmetic 8157.40 6872.40 13341.60 132 1.01 1.50  1.07 1.09 1.08
Geometric 586.79 503.13 49868 1.17 086 1.18 0.85 1.01 099

Table 13.1: Benchmark results for three processors (R, M, Z), running five benchmarks (E thru K), with normalisation using different processors, along with arithmetic and
geometric means. Data from Fleming et al.%!> Github—Local

Table 13.1 shows the results of five benchmark programs (E to K) from three systems
(i.e., columns R, M and Z); two other sets of columns list normalised values, with different
processors used as the reference. The bottom two rows list the arithmetic and geometric
mean of the columns; note: for the arithmetic mean, both ratios R/M and M/R are greater
than one, while for the geometric mean one ratio is less than one (the same pattern is
occurs for the other ratios). A ranking based on the arithmetic mean depends on the pro-
cessor used as the base for normalization, while the geometric mean produces a consistent
ranking; see section 10.3.3.

13.3.1 Following the herd

When choosing a benchmark, there is a lot to be said for doing what everybody else does,
advantages include:

* can significantly reduce the cost and time needed to obtain benchmark data,

* an established benchmark is likely to be usable out-of-the-box. It takes time for a
benchmark to become established; an analysis'4%? of one Java source code corpora was
able to build 86 of the 106 Java systems in the corpus, with 56 of these having to be
patched to get them to build,

* it is easier to sell the results to audiences, when the benchmark used is known to them.

The disadvantage of following the herd is that there may be fitness-for-purpose issues
associated with using the benchmark, i.e., herd behavior is adapted to environments that
may be substantially different from the environment in which the system is intended op-
erate. For instance, the SPEC benchmark is often used to compare compiler performance,
but SPEC’s intent is for it to be used for benchmarking processor performance.

Commonly used benchmarks suffer from vendors tuning their products to perform well
on the known characteristics of the benchmark. The SPEC benchmark has been used over
many years for compiler benchmarking and compiler vendors often use it in-house for
performance regression testing.

13.3.2 Variability in today’s computing systems

In the good old days, computer performance tended to be relatively consistent across
identical, but physically different, components, i.e., the same model of cpu or memory
chip. Also, software tended to have relatively few options that could significantly alter its
performance characteristics.

Modern hardware may contain components that are fabricated using handfuls of atoms,
with process variations, of an atom or two here and there, producing surprisingly different
performance characteristics,'>°® but externally looking like identical devices. Further re-
ductions, in the number of atoms used to fabricate devices, will lead to greater variations
in the final product. Today’s consumer of benchmark results has to chose between:

* accepting a wide margin of error,

* executing a benchmark very many times, to ensure the sample size is large enough to
achieve the desired statistical confidence interval for the results.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/Fleming_Wallace.R
file:///home/ESEUR-code-data/benchmark/Fleming_Wallace.R
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Both approaches require checking that a wide range of, possible unknown, factors are
controlled for, by those running the benchmark.

Intrinsic variability in system performance impacts development teams that regularly
monitor the performance of their products during ongoing development. For instance,
Mozilla regularly measures the performance of the latest checked-in version of Firefox
source code, if an update results in a performance decrease exceeding a predefined limit,
the update is rolled back. Successful implementation of such a policy requires careful
control of external factors that could impact performance.

Performance variation has to be addressed from a system wide perspective,’' hardware/-
software interaction can have a significant performance impact and there are often mul-
tiple, independent, sources of variation. At the systems level differences in component
characteristics (e.g., differences in system clock frequency drift in multiprocessor sys-
tems®7?) can interact to produce emergent effects.

DVES (Dynamic Voltage and Frequency Scaling) provides an example of how the com-
plexities of system component interactions make it difficult to reliably predict perfor-
mance. As its name suggests, DVFES allows processor voltage and frequency to be changed
during program execution; an analysis of system power consumption'**® concludes that
total power consumed, executing a program from start to finish, is minimised by running
the processor as fast as possible (assuming there is no waiting for user input).

A change in voltage or frequency is not instantaneous, it can take many clock cycles.
A study by Mazouz, Laurent, Pradelle and Jalby'??¢ investigated the latency of CPU
frequency transition. Figure 13.13 shows the mean time, in milliseconds, taken by an
Intel IvyBridge to transition from one clock frequency (colored lines) to another (x-axis);
original paper shows median time.

A study by Gétz, Tlsche, Cardoso, Spillner, ABmann, Nagel and Schill’'® investigated
how the total system power consumed by implementations of various algorithms varied
with cpu clock frequency, with the intent of finding the frequency that minimised power
consumption.

Figure 13.14 shows that total power consumption does not always decline with frequency,
there is a frequency below the maximum that minimises power consumed.*>® The power
minimisation frequency depends on the implementation of the sorting algorithm, with
the difference between minimum and maximum depending on the number of items being
sorted. Predicting the power consumed'®? by a program is a non-trivial problem.

Programming languages are starting to support constructs that provide developers with
options for dealing with power consumption issues.'33

13.3.2.1 Hardware variation

This section outlines some evidence for large variations in hardware component perfor-
mance. Much of the data used in the analysis was obtained using programs executing on
components manufactured five to ten years before this book was published; variability has
likely increased in the subsequent years. The hardware components covered include:

* CPU: performance, power consumption and instruction counts,
* main storage: hard disc performance and power consumption,

* memory: performance and power consumption,

When computing devices are connected to the mains power supply, there is rarely any
need to be concerned about the characteristics of the supply. Batteries have characteristics
that can affect the performance of devices connected to them, such as the level of power
delivery being dependent on the current charge state and power draw frequency character-
istics. In a mobile computing environment, power consumption can be just as important as
runtime performance, if not more so; there are limits to the amount of electrochemical en-
ergy that can be stored.'?!® Peltonen et al'*% is a public dataset of power consumption on
149,788 mobile devices, containing 2,535 different Android models; Jongerden944 anal-
yses various models of battery powered systems and Buchmann?’! covers rechargeable
batteries in detail.

In mobile devices, a large percentage of power is consumed by the display; optimization
of display intensity and choice of color,!”> while an app is running, is not discussed here.

ViThe following two sections separately discuss performance variation whose root cause in hardware or
software; this is for simplicity of presentation.
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CMOS (complementary metal-oxide-semiconductor) is the dominant technology used in
the fabrication of the chips contained in computing devices; until a so-called beyond-
CMOS device!®3 technology becomes commercially viable, this section only considers
the characteristics of CMOS devices.

CPU: The processors executing code are often considered to be interchangeable with
any other, mass-produced, etched slices of silicon stamped with the same model number;
while never exactly true, deviations from this interchangeability assumption were once
small enough to only be of interest within specialised niches, e.g., hardware modders
interested in running systems beyond rated limits.

The micro-architecture of modern processors has become so complicated that apparently
minor changes to an instruction sequence can have a major impact on performance;®’* a
trivial change to the source code, or the use of a different compiler flag may be enough.

Power consumption and clock frequency are directly connected; increasing clock fre-
quency increases power consumption (a good approximation for processor power con-
sumption is P = aF V2 4+ IhV, where: a is a device dependent constant, F' is clock fre-
quency, V is voltage supplied to the cpu,’ and I is leakage current). Processors clocked
at the same frequency execute instructions at the same rate. However, variations in the
number of atoms implementing internal circuitry produces variations in power consump-
tion. Some processors reach their maximum operating temperature more quickly than oth-
ers; to prevent device destruction through overheating, power consumption is reduced by
reducing the clock rate. Different processors have different sustained performance rates
because of differences in their power consumption characteristics. Vogeleer*® discusses
the modeling of low level temperature/power relationships for the kind of processors used
to run applications.

A study by Frumusanu®?3 measured the power and voltage, at various frequencies, of

an Exynos-7420 AS53 processor idling and at load. Figure 13.15 shows measured power
consumption, involving one to four cores under load, at various frequencies and a fitted
regression model.

Any benchmark made using a single instance of a processor is a sample drawn from a
population that could vary by something like 5-10% or more when executing code and
several hundred percent when idling. The extent to which results based on this minimum
sample size is of practical use will depend on the questions being asked. If the power
consumption characteristics of the population of a particular CPU is required, then it is
necessary to benchmark a sample containing an appropriate number of identical proces-
sors. Methodologies for benchmarking power consumption'’#? require detailed attention
to many issues.

A study by Wanner, Apte, Balani, Gupta and Srivastava!®?> measured the power con-

sumed by 10 separate Amtel SAM3U microcontrollers at various ambient temperatures.
Figure 13.16 shows a 5-to-1 difference, between supposedly identical processors, in power
consumption when in sleep-mode (upper plot), and around 5% difference when operating
at 4AMHz.

Section 11.6 discusses the building of mixed-effects models for power variations of the
Intel Core processor.

A study by Marathe, Zhang, Blanks, Kumbhare, Abdulla and Rountree'?%? investigated
the variation in performance of 2,386 Intel Sandy Bridge XEON processors while oper-
ating under a running average power limit (RAPL). Figure 13.17 shows the time taken
by 2,386 processors to complete the Embarrassingly parallel benchmark and their clock
frequency, with a RAPL of 65 Watts.

How accurate are power consumption measurements? These measurements are often
implemented by periodically sampling the voltage across a known resistance. A study by
Saborido, Arnaoudova, Beltrame, Khomh and Antoniol 023 investigated the measurement
error introduced by different sampling rates, on mobile devices. Figure 13.18 shows the
power spectrum of the Botanica App, executing on a BeagleBone Black running Android
4.2.2, sampled at 500K per second. By using a very high sampling rate, it is possible to
see the noticeable peak in power consumed by very short-lived events, something that low
frequency sampling would not detect (the paper lists error estimates for lower sampling
rates).

viiOn some processors there is a linear relationship between voltage and frequency,*® i.e., P = V3 + LV,
or P=yF3+1V.

3001

N
al
o

1001

Power (milli-Watt)
[ N
u o
i i

501
Sleeping
20 30 40 50 60
Temperature (C)
10.01

9.51

9.01

Power (micro—Watt)

\

8.51

4MHz

8.0

20 0 20 40 60 80 100
Temperature (C)

Figure 13.16: Power consumed by 10 Amtel SAM3U mi-
crocontrollers at various temperatures when sleeping or
running. Data from Wanner et al.!®?> Github—Local

w
o
o

65 Watts

()
o
o

Seconds
N
©
a

N
©
o

N
@
o

+
1.01 1.02 1.03_1.04 1.05 1.06 1.07
Frequency

280

Figure 13.17: Time taken to execute the EP benchmark
and clock frequency of 2,386 Intel processors, with a
RAPL of 65 Watts. Data kindly provided by Rountree.'20?
Github-Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/sam3u_temp.R
file:///home/ESEUR-code-data/benchmark/sam3u_temp.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/marathe.R
file:///home/ESEUR-code-data/benchmark/marathe.R

1le-05]

1le-07

1le-09

Power density

le-111

0 10000 30000 50000
Frequency

Figure 13.18: Power spectrum of the electrical power
consumed by the Botanica App executing on a Beagle-
Bone Black running Android 4.2.2. Data from Saborido
et al.!?3 Github-Local

P

65 M‘_
G ”
g 60 oy
m
2 m
= 55 W
S + %
_§ 50 -y
3 -
@ 45 o
+
40 *é
0 5 10 30 35

Bandwidth (MB sec)

30 3}

0 50 100 150
Offset (GB)

Figure 13.19: Read bandwidth at various offsets for new
disks sold in 2002 (upper) and 2006 (lower). Data kindly
provided by Krevat.'%% Github—Local

370 13. Experiments

In theory, counting the instruction executed by a program is a means of obtaining, power
independent, answers to questions about comparative program performance. Some pro-
cessors include hardware support for counting the number of operations performed, e.g.,
instruction opcodes executed and cache misses; however, the purpose of these counters is
to help manufacturers debug their processors, not provide end-user functionality. Conse-
quently, counter values are not guaranteed to be consistent across variants of processors
within the same family'%3* and fixing faults in the counting hardware does not have a high
priority (e.g., counting some instructions twice or not at all; Weaver and Dongarra'?3*
found that in most cases the differences were a fraction of a percent of the total count,
but for some kinds of instructions, such as floating-point, the counts were substantially
different). A study by Weaver and McKee!?* found that it was possible to adjust for the
known faults in the hardware counters; see Github—benchmark/iiswc2008-1686.R.

How are calls into operating system routines, which may execute at higher privilege levels,
counted? Also, the execution time of some instructions may depend on other instructions
executed at around the same time (modern processors have multiple functional units and
allocate resources based on the instructions currently in the pipeline), the time taken to
execute other instructions can be very unpredictable, e.g., time taken to load a value from
memory depends on the current contents of the cache and other outstanding load requests.
A study by Melhus and Jensen'?>® showed that address aliasing of objects in memory
could have a huge impact on the relative values of some hardware performance counters.

Hardware counters need not be immune to observer effects; in particular, the values re-
turned can depend on the number of different hardware counters being collected.!3#?

Main storage: Traditionally main storage has meant hard disks (sometimes backed-up
with tape), but solid state devices (SSD) are rapidly growing in capacity'®%° and use; for
extremely large capacity magnetic tape is used: this niche use is not discussed here.

Data is read/written to a hard disk by moving magnetic sensors across a rotating surface.
These spatial movements create a correlation between successive operations, e.g., the
time taken to perform the second read will depend on its location on the disk relative to
the first. Disks spin at a constant rate, and in the same time interval more data can be read
from the area swept out near the outer edge of a platter than from one near the spindle
(the staircase effect in the upper plot in figure 13.19 is a result of zoning). This location
dependent performance characteristic makes disk benchmark performance dependent on
the history of the data that has been added/deleted.

Further correlations are created by data buffering, by the operating system and the device
itself, and access requests being reordered to optimise overall throughput.

Storage farms organise files so that those most likely to be accessed are stored on the outer
tracks, while files less likely to be accessed are stored on the inner tracks. A growing
percentage of disks are used in data centers and at some point manufacturers may decide
to concentrate on designing drives for this market.>>*

The continuing increase in the number of bits that can be stored within the same area of
rotating rust has been achieved by reducing the size of the magnetic domain used to store
a bit. Like silicon wafer production, variations in the fabrication process of disc platters
can now result in large differences in the performance of supposedly identical drives.

A study by Krevat, Tucek and Ganger'** measured the performance of disk drives orig-

inally sold in 2002, 2006, 2008 and 2009. Figure 13.19, upper plot, shows the read
bandwidth of nine disks from 2002, each displayed using a different color and there is
little variation between different disks (fitting a regression model finds that disk identity
is not a significant predictor of performance, p-values around 0.2). The lower plot shows
the read bandwidth of nine disks from 2006, each displayed using a different color; the
visibility of different colors shows the variation between different disks (fitting a regres-
sion models finds that disk identity is a significant component of performance prediction,
p-values around 10~1).

To increase recording density, drive manufacturers are now using Shingled Magnetic
Recording (SMR), where tracks overlap like rows of shingles on a roof. Singled discs
have very different performance characteristics,'* but little data is publicly available at
the time of writing.

SSDs are sufficiently new that little performance data is publicly available at the time of
writing.

A study by Kim?®® ran eight different benchmarks on SSD cards from nine different
vendors. The range of performance values was different for both vendors and benchmark.
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Building a regression model, using normalised benchmark scores, finds that one vendor’s
products have a sufficiently consistent performance that they can be included in a model
(these products appear to have the best performance, the other vendors appear to have the
same performance); see Github—benchmark/hyojun/hyojun.R.

Memory: Memory chips tend to be thought about in terms of their capacity and not
their performance (such as, read/write delays or power consumption). Performance is
governed by access rate and by the number of bytes transferred per access, with accesses
usually made via some form of memory control chip (the capabilities of this controller
have a significant impact on performance). Many motherboards provide options to select
memory chip timing characteristics.

A study by Bircher'” investigated the power consumed by the various hardware of a
server, while it executed the SPEC CPU2006 benchmark. Figure 13.20, upper plot, breaks
down average power by CPU (red) and memory (blue), while the lower plot breaks the
power down by the major subcomponents of the server.

There is often a performance hierarchy for memory, with on (cpu) chip cache providing
faster access to frequently used data. The interaction between the size of the various mem-
ory caches, and an algorithm’s use of storage, can result in performance characteristics
that change as the size of the objects processed changes.

A study by Khuong and Morin®”> measured the performance of several search algorithms,
when operating on arrays of various sizes (items were stored appropriately in the array,
for the algorithm used). Figure 13.21 shows the time taken by different algorithms to find
an item in an array, for arrays of various sizes; the grey lines show the total size of the
processor L1, L2 and L3 caches.

The following are some examples of memory chip characteristics that have been found to
noticeably fluctuate:

« astudy by Gottscho, Kagalwalla and Gupta’'® measured power consumption variability

of 13 DIMMs, of the same model of 1G DRAM from four vendors. The variation about
the mean, at one standard deviation, was 5% for read operations, 9% for write and 7%
for idling; see Github—benchmark/J20_paper.R,

+ a study by Gottscho’!” measured the power consumption of 22 DDR3 DRAMs, manu-

factured in 2010 and 2011, from four vendors. Read operations consumed around 60%
of the power needed for write operations, with idle consuming around 40%; the stan-
dard deviation varied from 10% to 20%. The power consumed also varied with value
being read/written, e.g., writing 1 to storage containing a 0 required 25% more power
than writing a 0 over a 1; see Github—benchmark/MSTR10-DIMM.R for data,

» a study by Schone, Hackenberg and Molka'®*" found that memory bandwidth was re-
duced by up to 60%, as the frequency of the cpu was reduced, that memory performance
characteristics varied between consecutive generations of Intel processors and between
server and desktop parts.

The variability of memory chip performance is likely to increase, as vendors further re-
duce power consumption and improve performance by lengthening DRAM refresh times;
optimising each computer by tuning it to the unique characteristics of the particular chips
present in each system.1 104

Chandrasekar®?? provides a detailed discussion of DRAM power issues, including code

for a tool to obtain detailed information about the memory chips installed on a system.

13.3.2.2 Software variation

This section outlines some of the evidence for large variations in software performance,
briefly covering the following software components and processes:

* The environment: interaction with the environment, file system, support libraries and
aging,

 Configurations,

* Creating an executable: compiler optimization and link order,

e Tools.
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The environment: Programs execute within an environment that often contains a com-
plicated ensemble of interconnecting processes and services that cannot be treated as in-
dependent standalone components. One consequence of this complexity,”>> and intercon-
nectedness, is that the order in which processes are initiated during system startup can
have a noticeable impact on system performance.

The impact of a system’s prior history, on program performance, is seen in a study by
Kalibera, Bulej and Ttima,”®® who measured the execution time of multiple runs of var-
ious programs. Figure 13.22 shows 10 iterations of the procedure: reboot computer and
make 2,048 performance measurements. The results show performance variation after
each reboot is around 0.1%, but rebooting can cause a shift of 3% in the average perfor-
mance (the ordering of processes executed during system startup varies across reboots,
due to small changes in the time taken to execute the many small scripts that are invoked
during startup; execution ordering affects placement of data in memory, which can have
an impact on performance). A later study®*® found that the non-determinism of initial
program execution, in this case, could be reduced by having the operating system use
cache-aware page allocation.

Environmental interactions are not always obvious. A study by Mytkowicz, Diwan,
Hauswirth and Sweeney'**! increased the number of bytes occupied by a Linux envi-
ronment variable between runs of the Perlbench program. The results from each of 15
executions were recorded, an environment variable increased in size by one character, and
the procedure repeated 100 times. Figure 13.23 shows the percentage change in perfor-
mance, relative to the environment variable containing zero characters, at each size of
environment variable, along with 95% confidence intervals of the mean of each 15 runs.

Incremental operating system updates can produce a change in program performance. A
study by Flater®!3 compared the performance of cpu intensive and I/0 bound programs
on two different versions of Slackware, running on the same hardware (versions 14.0 and
14.1, using Linux kernels 3.12.6 and 3.14.3 respectively). The results show consistent
differences in performances of up to 1.5% (rebooting did not have any significant impact
on performance).

Many systems allow multiple programs to share system resources, by executing at the
same time. Sharing becomes a performance bottleneck when one program cannot imme-
diately access resources when it requests them; access to memory is a common resource
contention issue on multi-processing systems. A study by Babka'?! investigated the per-
formance of multicore processors having a shared cache. Figure 13.24 shows changes in
SPEC CPU2006 performance caused by cache and memory bus resource contention, on
a dual processor Intel Xeon E5345 system.

A study by Mazouz'?* investigated the performance of the SPEC OpenMP 2001 pro-
grams, compiled using gcc 4.3.2 and icc 11.0, running on multicore devices. It is possible
for a program’s code to execute on a different core after every context switch. Allowing
the operating system to select the core to continue program execution is good for system
level load balancing, but can reduce the performance of individual programs because re-
cently accessed data is less likely to be present in the cache of any newly selected core.
Thread affinity is the process of assigning each thread to a subset of cores, with the in-
tent of improving data locality, i.e., recently accessed data is more likely to available in
accessible caches.

Figure 13.25 shows the time taken to execute one program in 2, 4, and 6 threads, with
thread affinity set to compact (threads share an L2 cache), no affinity (allow the OS to
assign threads to cores) and scatter (distribute the threads evenly over all cores), each
repeated 35 times.

Configuring the system being benchmarked to only run one program at a time solves
some, but not all, cache contention issues. Walking through memory, in a loop, may result
in a small subset of the available cache storage being used (main memory is mapped to a
much smaller cache memory, which means that many main memory addresses are mapped
to the same cache address). Figure 13.26, from a study by Babka and Ttima, %> shows the
effect of walking through memory using three different fixed width strides; for 32 and 64
byte strides accesses to even cache lines is faster than odd lines, with the pattern reversed
for a 128 byte stride.

Operating systems generally have background processes that spend most of their time
idling, but wake up every now and again. When a background processes wakes up, it
will consume system resources and can have an impact on the performance reported by a
benchmark, i.e., background processes are a source of variation.
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A study by Larres'%®® investigated how the performance of one version of Firefox changed

as various operating system features were disabled (the intent being to reduce the like-
lihood that external factors added noise to the result). The operating system features
modified were: 1) every process that was not necessary was terminated, 2) address-space
randomization was disabled, 3) the Firefox process was bound exclusively to one cpu, and
4) the Firefox binary was copied to and executed from a RAMDISK.

Every program in the Talos benchmark (the performance testing framework used by
Mozilla) was run 30 times. Figure 13.27 shows the performance of various programs
running in original and stabilised (i.e., low-noise) configurations.

File systems: These provide the housekeeping structure for keeping track of information
on a storage device. The traditional view of a file, as a leaf in a directory tree, has become
blurred, with many file system managers now treating compressed archived files (e.g., zip
files) as-if they had a directory structure that can be traversed; Microsoft’s .doc format
contains a FAT (File Allocation Table, just like a mounted Windows file system) that can
refer to contents that may exist outside the file, other vendor applications can be more
complicated.”®!

A study by Zhou, Huang, Li and Wang?*?? investigated the performance interplay be-
tween file systems and Solid State Disks (SSD), by running a file-server benchmark on a
Kingston MLC 60 GB SSD. Four commonly used Linux filesystems (ext2, ext3, reiserfs
and xfs) were mounted in turn using various options, e.g., various block sizes, noatime,
etc.

Figure 13.28 shows the number of operations per second for a file-server benchmark (see
paper and data for other benchmarks). A linear regression model involving the filesystem
and mount options is a poor fit to the data; see Github—benchmark/filesystem-SSD.R.

A study by Sehgal, Tarasov and Zadok'%%® compared the power used when four com-

monly used filesystems were mounted in various ways, e.g., fixed vs. variable sector
size, different journal modes, etc. Various server workloads running on Linux were mea-
sured; web server power consumption varied by a factor of eight, mail server by a factor
of six and file and database by a factor of two.

Creating an executable: Many applications are built by translating source code to an
executable binary, with the translation tools often supporting many options, e.g., gcc sup-
ports over 160 different options for controlling machine independent optimization be-
havior. Compiler writers strive to improve the quality of generated code, and it is to be
expected that the performance of each release of a compiler will be different from the
previous one; there have been around 150 released versions of gcc in its 30-year history.

A study by Makarow''®> measured the performance of nine releases of gcc, made between
2003 and 2010, on the same computer using the same benchmark suite (SPEC2000), at
optimization levels 02 and 03.

Figure 13.29 shows the percentage change in SPEC number, relative to version 4.0.4, for
the 12 integer benchmark programs compiled using six different versions of gcc. SPEC
has a long history of being used for compiler benchmarking, and it is possible that the
versions of gcc used for this comparison have already been tuned to do well on this
benchmark, meaning there is little, benchmark specific, improvement to be had in the
successive versions used in this study.

The following summary output is from a mixed-effect model with the random effect on
the intercept and slope: Github—Local

Linear mixed model fit by REML [’lmerMod’]
Formula: value ~ gcc_version + (gcc_version | Name)
Data: lme_02

REML criterion at convergence: 400.6
Scaled residuals:

Min 1Q Median 3Q Max
-2.7256 -0.2748 -0.0683 0.3039 4.3372

Random effects:

Groups Name Variance Std.Dev. Corr

Name (Intercept) 1192.792 34.537
gcc_version 3.155 1.776 -1.00

Residual 8.632 2.938
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Figure 13.25: Execution time of 330.art_m, an OpenMP
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threads and setting of thread affinity. Data kindly provided
by Mazouz.'?* Github—Local

3001

2801

Access time
N
(2]
o

2401

SAVAMAAAMMAMAMAMAMAANY

0 1000 2000 3000 4000
Byte offset within page

220

Figure 13.26: Access times when walking through mem-
ory using three fixed stride patterns (i.e., 32, 64 and 128
bytes) on a quad-core Intel Xeon E5345; grey lines at one
standard deviation. Data kindly provided by Babka.'0?
Github-Local

dromaeo_jslib dromaeo_sunspider

1.02 -

1.01 -
il S Y oF
S o %
© 0.98 o
g dromaeo_css dromaeo_dom
S - - 1.02
o - - 1.01
2l o4 Ol
@ - ~ 0.99
2 - - 0.98
] ally dromaeo_basics
€ 1.02 -
© 1.01 - -
< 1.00 é ~

0.99 {;P -

0.98 - -

Original Stablised Original Stablised

Figure 13.27: Performance variation of programs from the
Talos benchmark run on original OS and a stabilised OS.
Data from Larres.'%® Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/Mazouz.R
file:///home/ESEUR-code-data/benchmark/Mazouz.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/babkatuma/L2-miss-penalty.R
file:///home/ESEUR-code-data/benchmark/babkatuma/L2-miss-penalty.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/os-features.R
file:///home/ESEUR-code-data/benchmark/os-features.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/filesystem-SSD.R
file:///home/ESEUR-code-data/benchmark/filesystem-SSD.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/gcc-opt-lme-64O2.R
file:///home/ESEUR-code-data/benchmark/gcc-opt-lme-64O2.R

20004
g 15001
o
(8]
&
5 +
a + \
2 1000 /+\
s ot
g
Q
o
O 500+

07 ext2

Figure 13.28:

ext3

rfs

xfs

Filesystem

Operations per second of a file-sever

mounted on one of ext2, ext3, rfs and xfs filesystems
(same color for each filesystem) using various options.
Data kindly supplied by Huang.?9?? Github—Local

N |

4.0.44.1.24.2.44.3.14.4.045.0

1

255.vortex

L1 1 1
256.bzip2

1 11 1
300.twolf

T

S

At

~ 30
r 20
10

252.eon

253.perlbmk

254.9a

30
20
10

-

S 4/#’4/*

R

+—F

181.mcf

186.crafty

197.parser

Percentage performance change

e

A+

A+

30
20
10

164.9zip

175.pr

176.gcc

30
20
10

T

+~¢~+/+/H

4.0.44.1.24.2.44.3.14.4.04.5.0

T T 1T 17T

+H(+4/k%
T T T T 17T

gcc version

1T T 1T 17T

4.0.44.1.24.2.44.3.14.4.04.5.0

Figure 13.29: Percentage change in SPEC number, rela-
tive to version 4.0.4, for 12 programs compiled using six
different versions of gcc (compiling to 64-bits with the 03
option). Data from Makarow.''%> Github—Local

4001

350+

300

250

200

Clock time (secs)

150

100

50

DEEOOOMm

1.6GHz Nano X2
600MHz ARM
3.2GHz P4
3.4GHz i7
3.3GHz i5
1.6GHz P4
1.6GHz P4

-00

-01

-0s

-02

Optimization level

-03

Figure 13.30: Execution time of the xy file compressor,
compiled using gcc using various optimization options,
running on various systems (lines are mean execution time
when compiled using each option). Data kindly supplied
by Petkovich.** Github—Local

374 13. Experiments

Number of obs: 72, groups: Name, 12

Fixed effects:

Estimate Std. Error t value

-29.7469 11.0553 -2.691
1.4126 0.5513 2.562

(Intercept)
gcc_version

of Fixed Effects:

(Intr)

gcc_version -0.997

convergence code: 0

boundary (singular) fit: see ?isSingular

Correlation

The general picture painted by the model results is of a small improvement with each gcc
release, which is swamped by the size of the random effects, while the picture painted by
figure 13.29, is of some releases having a large impact on some programs.

A study by de Oliveira, Petkovich, Reidemeister and Fischmeister*>* investigated the

impact of compiler optimization and object module link order on program performance.
Figure 13.30 shows the time taken by the xy file compression program, compiled by
gcc using various optimization options, to process the Maximum Compression test set
on various systems. The results show that different optimization levels have a different
performance impact on different systems (the lines would be parallel if optimization level
had the same impact for each system).

Compiling is the first step in the chain of introducing system variability into program
performance, the next step is linking. Figure 13.31 shows execution time of Perlbench
(one of the SPEC benchmark programs), on six systems, when the object files used to
build the executable are linked in three different orders and with address randomization
on/off. Some systems share a consistent performance pattern across link orderings, and
some systems are not affected by address randomization. But there is plenty of variation
across all the variables measured.

Tools: Dynamic profiling tools such a grpof work by interrupting a program at regular
intervals during execution (e.g., once every 0.01 seconds) and recording the current code
location (often at the granularity of a complete function). The results obtained can depend
on interrupt frequency and the likelihood of being in the process of calling/returning from
the profiled function.®'?

13.3.3 The cloud

Cloud computing has become a popular platform for applications that require non-trivial
compute resources. The service level agreements offered by cloud providers specify min-
imum levels of service, e.g., Amazon’s June 2013 EC2 terms specify 99.95% monthly
uptime.”® Cloud services general run virtualized instances, which means access to the
real hardware may sometimes be shared. Shared hardware access causes performance to
vary from one run to the next; what form might the characteristics of this variation take?

A study by Schad, Dittrich and Quiané-Ruiz'%*! submitted various benchmarks, as jobs,
to Amazon’s Elastic Computing Cloud (EC2), twice an hour over a 31-day period; a
variety of resource usage measurements were recorded. Figure 13.32 shows one set of
resource usage measurements, the Unix benchmark utility (Ubench; a cpu benchmark)
running on small (upper) and large (lower) EC2 instances located both in Europe (red)
and the US (green).

Both plots show more than one distinct ranges of performance. This data is an example of
the variation experienced in Amazon’s EC2 performance over one particular time period,
and there is no reason to believe that any subsequent benchmarking will exhibit one, two,
three or more distinct performance ranges.

13.3.4 End user systems
Benchmark data supplied by end-users, run on the computing systems they own, is likely
to be subject to numerous known and unknown unknowns.

It may be impractical to switch off the many background processes that may be run-
ning on, for instance a user’s Windows machine, which might include: Internet based


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/filesystem-SSD.R
file:///home/ESEUR-code-data/benchmark/filesystem-SSD.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/gcc-opt-O3perf.R
file:///home/ESEUR-code-data/benchmark/gcc-opt-O3perf.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/icpe13_datamill_xy.R
file:///home/ESEUR-code-data/benchmark/icpe13_datamill_xy.R
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toolbars, anti-virus systems and general OS housekeeping processes. PassMark Soft-
ware specializes in benchmark solutions for Microsoft Windows based computers, and
Wren!?® kindly provided 10,000 memory benchmark results.

Figure 13.33 shows the results (in sorted order) from 783 systems containing an Intel Core
17-3770K processor (whose official clock speed is 3.5GHz, some users may be overclock-
ing). This is another example (see fig 10.25) of the wide range of performance reported
for apparently very similar end-user systems.

User applications can have complex internal structures and modes of operation that inval-
idate assumptions made by a benchmark. For instance, application data files may not be
represented as a contiguous sequence of bytes, but contain internal meta-data and pointers
to blocks of data in other files.’®!

13.4 Surveys

This section discusses questionnaire surveys. Organizations use surveys are used to ob-
tain information about customers and the market(s) they are targeting, e.g., characteristics
of open source developers;'>?® see fig 8.13. Applications need to run reasonably well on
the computers that customers currently use (see fig 8.27), and to coexist (or interoperate)
with the versions of libraries and other applications installed on these computers. A lot of
software engineering information only exists in the heads’ of the people who build soft-
ware systems, and this information can only be obtained by asking these people questions
and analysing their answers.

The survey package supports the analysis of samples obtained via surveys.

The characteristics of data encountered in survey samples include:**?

* missing data: people don’t answer all the questions or stop answering after some point,

* misleading answers: giving answers that show those involved in a better light, such as
job adverts listing trendy topics and languages to attract more applicants,

* spatial information: how subjects are distributed geographically,

Studies have found>!? that self-assessment of skills and character have a tenuous to mod-
est relationship with actual performance and behavior. The correlation between self-
ratings of skill and actual performance in many domains is moderate to meager.

Several studies by your author’3!-3%3* included a component that asked developers

about how many lines of code they had read and written during their professional career.

This question requires a lot of thought to answer, and there are many ways of adding up
the numbers. Does reading the same line twice count as two lines, or one line unless the
developer involved had forgotten reading it? How much does visually searching a screen
of code (e.g., for a particular identifier) count towards lines read? Counting the number
of lines in the programs written by a developer is likely to underestimate the number of
lines they have written; a line of code may be written and then deleted, an existing line
may be modified slightly.

Figure 13.34 shows the number of lines of code that 101 professional developers estimate
they have written. While an exponential model fits the data, the variance explained is
small.

A survey of the knowledge, or skill, of members of a population requires subjects to
provide correct answers to questions.

Item response theory (IRT) deals with the design, analysis, and scoring of tests and ques-
tionnaires. The 1tm package (latent trait models) supports the analysis of item response
data.

What is the probability that a subject, m, will give the correct answer to the i’ question,
Xmi» when the subject has a knowledge/skill level of z,,? The answer given by IRT!%° is:

P(xmi = 1zm) = ci+ (1 —¢i)g (&t X (2 — Bm))

where: ¢; is the probability that a subject will guess the correct answer, @; is a measure
of how well the question discriminates between subjects having a low/high level, §; the
question difficulty, and g(.) a link function (often the logit function; the default used by
the function in the 1tm package).
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The Rasch model is simpler, and widely used; it contains a single parameter, f;, and
assumes there is no guessing (i.e., ¢; = 0), and questions share the same ability to dis-
criminate between subjects at different levels (i.e., ¢&; = 1); the logit function is used as
the link function, and the equation is:
| eZm_ﬁm
P(x i = =
( m |Zm) 1 + emeﬁm

The 1tm package supports the fitting of Item response models having one (the Rasch
model), two (¢; is included) and three (all parameters are included) parameter models;
the logit function is the default link function.

A study by Dietrich, Jezek and Brada*’ investigated one aspect of developer knowledge
of a language: knowledge of Java type compatibility. The yes/no answers to 22 questions
provided by the 184 professional developers can be fitted to an IRT model.

The following code fits a Rasch model (single parameter), and a two parameter model
using the 1tm function (z1 and z2 are dummy names used to denote each factor); a three
parameter model fails to be fitted by the tpm function.

library("1ltm")
corr_modl=1tm(corr_df ~ zl)
plot(corr_modl)
corr_mod2=1tm(corr_df ~ zl+z2)
summary (corr_mod2)

t=tpm(corr_df) # fails to fit

Figure 13.35 shows: the probability that a subject having a given level of ability will
correctly answer each question.

Section 12.4.2 discusses the analysis of ranked items, i.e., placed in a preferred order.

The results of many studies®” have found that most subject ratings are based on an ordinal
scale (i.e., there is no fixed relationship between the difference between a rating of 2 and
3, and a rating of 3 and 4), that some subjects will be overly generous or miserly in their
rating, and that without strict rating guidelines different subjects apply different criteria
when making their judgements (which can result a subject providing a list of ratings that
is inconsistent with all other subjects).

There is no guarantee that data can be fitted, using this model. A study by Wohlin, Rune-
son and Brantestam'®7* investigated the faults found in an 18-page document by student
and professional developers. Your author was unable to fit an IRT model to the data; see
Github—regression/stvr95.R.

When software systems are built by a small group of people, the developers may be called
on to solve a wide range of computer related issues, including the testing and tuning of
the user interface. The System Usability Scale (SUS)?%32% is a widely used usability
questionnaire that produces a single number for usability. One study'®>3 compared five
methods of evaluating website usability, and found that SUS produced the most consistent
results for smaller sample sizes.
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Chapter 14

Data preparation

14.1 Introduction

The most important question to keep asking yourself while examining, preparing and
analyzing any data is: Do I believe this data?

Do patterns appear where none are expected, are expected patterns absent, are human
errors missing from the raw data, does the data collector believe whatever they are told,
does the measurement process create incentives for people to game it?

Books and presentations on data analysis rarely mention that a large percentage of the
time spent on data analysis often has to be invested in data preparation (perhaps 80%,
or more, of analysis effort), getting data into a form suitable for the chosen statistical
analysis techniques (or statistical package).’

Perhaps the largest task within data preparation is data cleaning; an often overlooked!!'3’
aspect of data analysis that is an essential part of the workflow needed to avoid falling
foul of the adage: garbage in, garbage out.

Domain knowledge is essential for data cleaning; patterns have to be understood in the
context in which they occur. The fact that many data cleaning activities are generic does
not detract from the importance of domain knowledge. For instance, software knowledge
tells us that 1.1 is not a sensible measurement value for lines of code (this appears in the
NASA MDP dataset), talking to developers at a company to discover they don’t work
at weekends (e.g., the dates in the 7digital data) and knowing that system support staff
used the Unix pwd command to check that the system was operational (an analysis of job
characteristics for a NASA supercomputer>®® has to first remove 56.8% of all logged jobs,
which are uses of pwd).

A study by Cohen, Teleki and Brown®*" investigated data from 2,751 code reviews, from
one company over a 10-month period. During the data cleaning process they removed
all code reviews reported taking less than 30 seconds, involving more than 2,000 LOC
and processing code at a rate greater than 1,500 lines per hour. Figure 14.1 shows all
reported data points, with points inside the triangle being the only measurements retained
for analysis.

Data cleaning is often talked about as-if it is something that happens before data analysis,
in practice, the two activities intermingle; the time spent checking and cleaning the data
provides insights that lead to a better understanding of the kinds of analysis that might
be applicable, also, results from a preliminary analysis can highlight data needing to be
cleaned in some way. Data preparation is discussed here in its own chapter, as-if it was
performed as a stand-alone activity, in order to simplify the discussion of material in other
chapters.

Once cleaned, data may need to be restructured, e.g., rows/columns contained in different
files merged into a single data table, or the row/columns in an existing table reorganised
in some way. The required structure of the data is driven by the operations that need to be
performed on it (e.g., finding the median value of some attribute), or the requirements of
the library function used to perform the analysis.

iIn early versions, this chapter appeared immediately after the Introduction, but in response to customer
demand, it was moved here (the penultimate chapter); people want to read about the glamorous stuff, data
analysis, not the grunt work of data preparation.
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It may be necessary to remove confidential information from the data, or to anonymize in-
formation that might be used to identify individuals (or companies). Datasets do not exist
in isolation, and it may be possible to combine apparently anonymous datasets to reveal
information;' k-anonymity and /-diversity are popular techniques for handling anonymity
requirements (in a k-anonymized dataset each record is indistinguishable from at least
k — 1 other records, while /-diversity requires at least / distinct values for each sensitive
attribute). Techniques for anonymizing data are not covered here; Fung et al®*® survey
techniques for privacy-preserving data publishing, Templ et al'®?! provide an introduc-
tion to statistical disclosure control and the sdcMicro package.

The behavior of tools used during software development may result in information being
lost during some activities. For instance, the Git distributed version control system does
not carry-over information from the originator of push/pull requests, and allows commits
to be rebased (which changes their history timeline).5”°

While a lot of software engineering data comes from measurements made using software
tools, some is still derived from human written records (which can contain a substantial
number of small mistakes®22).

Data cleaning involves a lot of grunt work that often requires making messy trade-offs and
having to make do. Tools are available to reduce the amount of manual work involved,
but these sometimes require placing trust in the tool doing the right thing; available tools
include:

* OpenRefine!*?" (was Google Refine) reads data into a spreadsheet-like form and sup-
ports sophisticated search/replace and data transformations editing,

* the editrules package checks data values for consistency with user specified rules
involving named columns, e.g., total_fruit ==total_apples+total_oranges,

* the deducorrect package performs automatic value transformations based on user
specified consistency rules, relating to column values that must be met (e.g., failure
to meet the condition total_x > 0 will result in any value in that column having a
negative sign removed); this package can also impute missing values,

* there are a variety of special purpose packages that handle domain specific data, e.g.,
the CopyDetect package detects copying of exam answers in multi-choice questions.

14.1.1 Documenting cleaning operations

Documenting the changes made to the original data, during the cleaning process, serves a
variety of purposes, including:

* enabling third-parties to check that the changes are reasonable and don’t produce an
unrealistic analysis,

* enabling potential sources of uncertainty to be checked when multiple analysts publish
results based on the same dataset, i.e., if there are differences in the results, it is pos-
sible to check whether these differences are primarily the result of differences in data
cleaning,

» providing confidence to users of the final results of the analysis, that the researcher
doing the work is competent, i.e., that cleaning was performed.

Ideally the operations performed on the original data, to transform it into what is consid-
ered a clean state, are collected together as a script for ease of replication.

Some cleaning activities are trivial and yet need to be performed to prevent the analysis
being overwhelmed by what appears to be many special cases. For instance, an analysis’8
of different company’s response to vulnerabilities reported in their products, started from
raw data that sometimes contained slightly different ways of naming the same company.
The company names data had to be cleaned to ensure that a single name was consistently
used to denote each organization; see Github—data-check/patch-behav.R.

The NASA Metrics Data Program (MDP) dataset contains fault data on 13 projects, and
has been widely used by researchers (a literature survey for the period 2000 to 20107
found that 58 out of 208 fault prediction papers used it). This dataset contains many
problems730 that need to sorted out, e.g., columns with all entries having the same value
(suggesting a measurement or conversion error has occurred), duplicate rows, missing

ii63% of the US population can be uniquely identified using only gender, ZIP code and full date of birth.7%


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/data-check/patch-behav.R
file:///home/ESEUR-code-data/data-check/patch-behav.R
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values (many occurred in rows calculated from other rows and involved a divide by zero),
inconsistent values (e.g., number of function calls being greater than the number of oper-
ators) and nonsensical values, e.g., lines of code having fractional values.

Despite the non-trivial work needed to clean the MDP dataset, to remove spurious data,
the authors of many papers using this dataset, have either not cleaned it, or only given a
cursory summary of the cleaning operations,>'” e.g., “ . . . removes duplicate tuples . . .
along with tuples that have questionable values . . . 7, does not specify what values were
questionable. Consequently, even although the original dataset is publicly available it is
difficult to compare the results published in different papers, because no information is
available on what, if any, data cleaning operations were performed; so much of the data
is in need of cleaning that any results based on an uncleaned version of this dataset must
be treated with suspicion.

See Github—data-check/NASA_MDP-data_check.R for examples of integrity checks performed
on the MDP dataset.

It is possible that the values appearing in a sample are correct, but have been misclassified.

A survey of 682,000 unique Android devices in use during 2015, by OpenSignal,'+?!
included the screen height and width reported by the device; see figure 14.2, upper plot.
Many devices appear to have greater width than height, particularly those with smaller
screens. Perhaps the device owners are viewing the OpenSignal website with their phones
in landscape mode; the lower plot in Figure 14.2 switches the dimensions so that height
has the larger value; switched values in red.

The fault repositories of open source projects are publicly available, and the repositories
of larger projects are a frequent source of data for fault analysis/prediction researchers.

A study by Herzig, Just and Zeller®?® manually classified over 7,000 issue reports ex-

tracted from the fault repositories of seven large Java projects. They found that on average
42.6% of reports had been misclassified, with 39% of files marked as defective not actu-
ally containing any reported fault (any fault prediction models built using the uncleaned
data are likely to be misleading at best and possibly very wrong). An earlier analysis®*!
had found that between 6 and 15% of bug fixing changes addressed more than one issue.

Possible reasons for the misclassification include: the status of an issue not being specified
when the initial report is filed, resulting in the default setting of Bug being used; issue
submitters having the opinion that a missing feature is a bug (request for enhancement
was the most commonly reclassified status); and bug reporting systems only supporting
a limited number of different issue statuses (forcing the submitter to use an inappropriate
status).

The study also highlighted how much effort data cleaning consumes; the work was per-
formed independently by two people and took a total of 725 hours (90 working days).

Sometimes the measured values from one or more subjects (e.g., people or programs)
are remarkably different from the values measured for other subjects. It can be tempting
to clean the data by removing the value for these subjects from the sample. A study by
Miiller and Hofer'3%® removed data on seven out of 18 subjects, because they considered
the performance of these subjects was so poor that they constituted a threat to the valid-
ity of the experiment (whose purpose was to compare the performance of students and
professional developers). This kind of activity might be classified as outlier removal or
manipulating data to obtain a desired result, either way, documenting the cleaning activity
makes it possible for readers of the analysis to decide.

14.2 Outliers

“An outlier is an observation which deviates so much from the other observations as to
» 789

arouse suspicions that it was generated by a different mechanism”.
In some applications, observations that deviate from the general trend are the ones of
interest,32! e.g., intrusion detection and credit card fraud. This subsection covers the
case where deviate observations are unwanted; some later subsections cover software
engineering situations where deviate observations are themselves the subject of study.

Methods for handling outliers include:
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https://github.com/Derek-Jones/ESEUR-code-data/blob/master/data-check/opensignal-screen-size.R
file:///home/ESEUR-code-data/data-check/opensignal-screen-size.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/data-check/NASA_MDP-data_check.R
file:///home/ESEUR-code-data/data-check/NASA_MDP-data_check.R
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* using a statistical technique that does not assign too much weight to observations that
deviate from the patterns followed by most other observations. Techniques capable of
performing the desired statistical analysis are not always available, but when R func-
tions implementing them are available they may be discussed in the appropriate section,

¢ detecting and excluding outliers from the subsequent analysis. Traditionally outliers
have been manually selected and excluded from subsequent analysis. This approach
can work well when the sample contains a small amount of data, and the person doing
the detection has sufficient domain knowledge. There are a variety of functions that
automate the process of outlier selection and handling, some of these are discussed
below; see section 11.2.6.

another definition of outlier detection is “ . . . the problem of finding patterns in data
that do not conform to the expected normal behavior.”*?! This definition requires that
an expected normal behavior be known, along with a method of comparing values for
outlyingness.

Figure 14.3 shows a suspicious spike in the number of daily reported vulnerabilities
recorded in the US National Vulnerability Database for 2003. What behavior could ex-
plain this pattern? Perhaps all vulnerabilities that had been reported, but not yet fully
processed, were simply published, for the public to see, at the end of the year?

A study by Zheng, Mockus and Zhou?*'® investigated what they called problematic val-
ues, in the task completion time for Mozilla projects. A manual analysis found that for
various reasons, some patches for reported faults were being committed in batches (so the
commit date did not reflect the date the code for the patch was created). Enough informa-
tion was available (i.e., there was data redundancy) to build a model that suggested values
more likely to be correct (50% more accurate was claimed).

The date when an event occurred may appear unlikely, based on domain knowledge, e.g.,
staff rarely work at weekends. The following output shows a count of the number of
features recorded as being Done, in a company using an Agile process,' for each day
of the week. Monday is day 0, and the counts for Saturday/Sunday should be zero; the
non-zero values suggest a 2-4% error rate, comparable with human error rates for low
stress/non-critical work. Github—Local

> table(Done_day %% 7)
0 1 2 3 4 5 6
670 708 669 716 447 12 16

Should outliers be removed from the sample used for analysis?

While removing outliers may improve the quality of the model fitted to an equation, does
it improve the quality of the fit of the model to reality?

Without understanding the processes that generated the data, there is no justification for
removing any value.

The real issue with outliers is the impact they have on the final result. In a large sample,
a few unusual values are unlikely to have any real impact data.

However, outliers are handled, any decision to exclude them from analysis needs to be
documented.

14.3 Malformed file contents

A sign that data, or its organization in a file, is malformed in some way, is that the variable
into which a file has been read does not have the expected contents (e.g., incorrect number
of columns, or a surprising type for the data in one or more columns, e.g., a string where
a number was expected). The str function provides a quick and easy way of checking
the types of columns in a data frame.

File formatting issues to watch out for include:

* functions for reading data in R (e.g., read. csv and read. table) often use the first few
lines of the file being read as the format to use when reading the rest of the file, i.e.,
the number of columns contained in each row and the datatype of the values in each
column. If there are one or more rows that do not follow the format selected at the
start of the file (e.g., different number of column delimiters; perhaps the result of non-
delimited strings such as a missing pair of quote characters), then subsequent values
may appear in the other columns, or be converted to a different type,


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/data-check/nvd-2003.R
file:///home/ESEUR-code-data/data-check/nvd-2003.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/projects/agile-work/feat-done-day-7dig.R
file:///home/ESEUR-code-data/projects/agile-work/feat-done-day-7dig.R
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* termination delimiter missing from a string value; this can result in the contents of the
following row being treated as part of the current row (because the newline is treated as
part of the string),

* cut-and-pasting of data between media introducing conversion errors, e.g., the digit zero
treated as the letter D or G during image to character conversion.

A variety of ad-hoc techniques are available for locating the cause of problems. For
instance, the following code will convert all values that do not have the format of a number
to NA, which are then easily located using base-library support for processing NAs, with
their row index found using the which function:

which(is.na(as.number(as.character(data_frame$column_name))))

The complete.cases function returns a vector specifying which rows in its data.frame
argument are complete, i.e., do not contain any NAs; the na.omit function returns a copy
of its argument with any rows containing NA omitted.

14.4 Missing data

Missing data (for instance, a survey where the entry for a person’s age is empty) is often
the rule, rather than the exception, and books have been written on the subject. Missing
data may be disguised, in that it appears as a reasonable value'*%" (e.g., zero when the
range of possible legitimate values includes zero), or it may not be visible to the measure-
ment process (e.g., intermittent check-ins to version control obscuring the detailed change
history!39?), or the input process provides a two item choice (e.g., male/female), with one
item being the default and thus appearing as the missing value when no explicit choice is
made.

The starting point for handling missing data is to normalise how it is denoted, to the
representation used by R, i.e., NA (Not Available). Normalisation ensures that all miss-
ing values are treated consistently; special case handling of NA is built into R and many
functions include options for handling NA.

A wide variety of different representations for missingness may be encountered (e.g.,
special values that cannot occur as legitimate data values, such as: 9999, "#N/A", "mi
ssing", or no value appearing between two commas in a comma separated list), and it
is not uncommon for different columns within a dataset to use different representations
(because they originate from different measurement sources).

The following code illustrates one method for changing a known representation of missing
value to NA (the second form would be necessary if 9999 could appear as a legitimate value
in a column other than size):

data[ data == 9999 ] = NA # set all elements having value 999 to NA

# set all elements of column size having value 999 to NA
data$size[ data$size == 9999 ] = NA

Once missing values have been explicitly identified it is possible to move on to deciding
whether to ignore these cases or to replace NA with some numeric value. Some algorithms
can handle missing values while others cannot; R functions vary in their ability to handle
missing values. A few techniques for selecting the replacement value are discussed below.

The R base I/O functions, such as read.csv, have conventions for handling the case of
zero characters appearing between the delimiters on each line of a file. The behavior de-
pends on the type that has been assigned to values in a particular column. For columns
assigned a numeric type, zero characters are treated as-if NA appeared between the de-
limiters, while for columns assigned a string type the zero character case is treated as the
empty string rather than NA, i.e., treated the same as the string "". These functions sup-
port a variety of options for changing the default the handling of zero characters and the
handling of leading/trailing white-space between delimiters.

As an example: reading a file containing the columns below left has the same effect as
reading a file containing the columns below right:

X,Y_str,Z X,Y_str,Z
1,"abc",2.2 1,"abc",2.2
2,,3.1 2,"",3.1

,NA, 2 NA,NA,2
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The table function counts occurrences of values, and by default does not include NA in
the count; the useNA options has to be used to explicitly specify that NA be counted:

table(data$some_column, useNA="ifany") # limit the count to one column

This one column use can be expanded to cover every column in data. If the output is
too voluminous, the number of columns processed can be reduced, or the call to table
replaced by a call to tabulate, which provides more options to control behavior:

sapply(colnames(data), function(x) table(datal , x], useNA="ifany"))

While there may be documentation specifying how missing values are represented, such
details may not be documented. An analysis of a dataset using the above code may show
a suspiciously large number of values such as 9999 or -1 (for an attribute that can never
be negative), a result that suggests further investigation is worthwhile.

14.4.1 Handling missing values

When deciding what to do about missing values, it is important to try to understand why
the values are missing. The following categories are commonly encountered in the anal-
ysis of missing data:

* Missing completely at random (MCAR): As the name suggests, the selection of missing
values occurred completely at random. Statistically this is the most desirable kind of
missingness, because it means there is no bias in the missing values,

* Missing at random (MAR): This sounds exactly like MCAR, but it is not completely
random in the sense that the choice of which values are missing is influenced by other
values in the sample. For instance, the level of seniority may correlate with the likeli-
hood that survey questions about salary are answered,

* Missing not at random (MNAR): This missingness could be as random as MAR, with
the one difference that the choice of missing values is influenced by values not in the
sample. For instance, the name of the developer who originally wrote the code ref-
erenced in a fault report may be missing if that developer is friendly with the person
reporting the fault, with friendship not being a recorded in the sample.

The following code can be used to get a rough estimate of the correlation between the
rows of a data.frame that contain missing values (figure 8.8 illustrates a method of
visualizing this information):

x=1is.na(some_data_frame)
# highlight rows having some, but not all, missing values
cor(subset(x, sd(x) > 0))

Many analysis techniques handle missing values by ignoring the rows or columns that
contain them; if the sample contains many rows and a low percentage of missing values,
this behavior may not be a problem. However, if the sample contains a large percentage
of missing values, any analysis will either have to make do with a smaller number of mea-
surements, be limited to using techniques that can gracefully adapt to missing data (i.e.,
don’t ignore rows containing one or more missing values) or be forced to use estimated
values for the missing data.

The ideal approach is to use an algorithm capable of handling samples that include miss-
ing data.

The process of estimating a value to use, where none is present in the sample, is known
as imputing.

A quick and dirty method of imputing values, that can be effective, is to replace a missing
value by the mean of the values in the corresponding column containing the missing value;
alternatively, if the data is ordered in some way (e.g., dates), the last value appearing
before the missing value might be used.

A more sophisticated approach to imputing values involves filling the missing value en-
tries using other values present in the sample. The Amelia, naniar and VIM packages
provide a variety of functions for visualizing datasets containing missing values and im-
puting values for these entries.
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A study by Buettner?” investigate project staffing, but was not able to obtain complete
staffing information. Figure 14.4 shows a loess fit and the 95% confidence bounds.

Some R functions support the use of splines for interpolating values. Splines originated
as a method for connecting a sequence of points by a smooth curve, not as a method for
fitting a curve minimizing some error metric. Apart from their familiarity, there is no
reason to prefer the use of splines over other techniques (implementation issues also exist
with the bs and ns functions, in the splines package, when fitting a model with the
predict.glm function'®® and then making predictions using new data points).

Data may be missing because the sample may not be large enough to be likely to contain
instances of rarely occurring cases (which would be seen in a larger sample). Good-Turing
smoothing®® is a technique for adding non-zero counts to adjust for unseen items.

14.4.2 NA handling by library functions

R functions vary in their ability to handle data.frames containing NA, with the behaviors
exhibited including:

* behaving in unpredictable ways when NA is encountered,

* behaving in predictable ways, that perhaps is surprising to the unknowledgeable, e.g.,
the value of NA ==NA is NA, as is NA !=NA,

functions that operate on complete rows or columns have a variety of behaviors when
they counter one or more NAs, including:

— supporting a parameter, often called na.rm, which can be used to select among vari-
ous methods for handling any NA that occur,

— ignoring rows containing one or more NA, e.g., glm ignores these rows by default, but
this behavior can be changed using the na.action option,

— making use of information present in rows containing one or more NA, e.g., the rpart
function,

Some regression model building functions return information associated with individual
data points, such as residuals. If the function removes rows containing any NA before
building the regression model, the number of data rows included in the returned model
may be less than originally passed in, unless rows containing NA is reinserted, e.g., by
using the naresid function.

14.5 Restructuring data

When the data of interest is spread over several files, it may be necessary to read two or
more files and merge their contents into a single data. frame.

If two datasets contain shared columns (i.e., column names, column ordering and infor-
mation held are the same), the rbind function can be used to join rows together, returning
a single data. frame; the chind function performs the join operation for columns.

The merge function merges the contents of two data.frames based on one or more
criteria, e.g., shared column names.

14.5.1 Reorganizing rows/columns

The organization of rows and columns in a data.frame may not be appropriate for that
used by the library functions used to perform the analysis.

The values in a dataset are may be held in a wide format (i.e., a few rows and many
columns), but a long format (i.e., many rows and a few columns) is required, or vice
versa.

An example of wide format data is that used in figure 2.5; the IQ test scores have the
form:
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Figure 14.4: Estimated staff working on a project during
each week; lines are a fitted loess model and 95% confi-
dence bounds. Data from Buettner.?’> Github—Local


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/regression/staff_pred.R
file:///home/ESEUR-code-data/regression/staff_pred.R
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test,gender,1,2,3,4,5,6,7,8,9
verbal,Boy,8455,14171,17596,29308,30490,27544,16037,9857,4635
verbal,Girl, 5448,10570,15312,28591,32385,30830,18557,11443,5321
quantitative,Boy,3138,19634,18258,29037,23255,30376,16504,12565, 5095
quantitative,Girl,2313,16905,19002,32707,26438,32413,15215,10007,3406
non-verbal,Boy,1390,18144,20713,29245,25720,27077,18095,11369,6077
non-verbal,Girl,1165,14370,18564,30488,29342,30458,18387,10450, 5075
CAT3,Boy,2505,14505,19556,29917,29607,30327,17960,9392,2787
CAT3,Girl,1813,10927,17872,31059,32867,33269,18016,9041,2394

The melt function, in the reshape?2 package, transforms data.frames to a long format,
such as the following (only the first 11 lines are shown):

test gender stanine count

1 verbal Boy X1 8455
2 verbal Girl X1 5448
3 quantitative Boy X1 3138
4 quantitative Girl X1 2313
5 non-verbal Boy X1 1390
6 non-verbal  Girl X1 1165
7 CAT3 Boy X1 2505
8 CAT3  Girl X1 1813
9 verbal Boy X2 14171
10 verbal Girl X2 10570
11 quantitative Boy X2 19634

which was reorganized using the call (where b_g_IQ contains the data):

b_g=melt(b_g_IQ, id.vars=c("test", "gender"),
variable.name="stanine", value.name="count")

It is also possible to convert from long to wide format.

14.6 Miscellaneous issues

14.6.1 Application specific cleaning

The analysis of some kinds of data has acquired established preprocessing procedures;
the data is not wrong, but transforming it in some way improves the quality of subsequent
analysis. For instance, before analyzing text, common low interest words (such as “the”
and “of”, known as stop words) are removed; also words may be stemmed (a process that
removes suffixes with the intent of uncovering the root word, e.g., kicked and kicking
both become kick).

14.6.2 Different name, same meaning

Typos in character based data may be detected because of constraints on what can appear
in domain specific sequences, e.g., the spelling of words. More difficult to detect problems
include different people using different terminology for the same concept, or the same
terminology for different concepts.

The SPEC 2006 benchmark results often include a description of the characteristics of the
memory used by the computer under test. For historical marketing reasons, two scales are
commonly used to specify memory performance; the DDR scale is based on peak band-
width, while the PC scale uses clock rate. The SPEC result descriptions are not consistent
in their choice of scale, and so before any analysis can be performed the values have to
be converted to a single form. Also, for marketing reasons, the values are rounded to re-
duce the number of non-zero digits; an analyst interested in high accuracy would map the
marketing values to their actual values; see Github—benchmark/scripts/SPEC-memory.awk.

An email address is sometimes the only unique identifying information available, e.g., the
list of developers who have contributed to an open source project. The same person may
have used more than one email address over the period of their involvement in a project,
and it is necessary to detect which addresses belong to the same person. '3


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/scripts/SPEC-memory.awk
file:///home/ESEUR-code-data/benchmark/scripts/SPEC-memory.awk
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14.6.3 Multiple sources of signals

Sometimes a value appearing in a sample could have come from multiple sources, only
one of which is of interest. An example of this is the question: when did hexadecimal
literals first appear as such in print?

One way of answering this question is to analyze the word n-grams (and associated
year of book publication) Google have made available from their English book scanning
project.”%8

The regular expression ~[000[xX][0-9a-fA-Fo01]] (ohh, Ohh and ell were treated as
the corresponding digits) returned 89 thousand matches.

OCR mistakes have resulted in some words being treated as hexadecimal literals, e.g.,
Oxford was sometimes scanned as 0xfOfd. The character sequence oxo is common, and
looking at some of the contexts in which this sequence occurs suggests that the usage
is mainly related to chemical formula (some uses are also likely to be references to a
cooking product of this name).

Assuming that hexadecimal notation did not start appearing in books before electronic
computers were invented, books prior to say 1945 (i.e., the end of World War II) can be
ignored.

Your author also assumed that, if any hexadecimal literal appears in a book, at least
one more such literal is likely to appear; applying this final filtering rule, the number
of matches was reduced to 7,292; with 319 unique character sequences.

Figure 14.5 shows a comparison of the use of hexadecimal literals in C source with those
extracted from Google books n-grams.

14.6.4 Duplicate data

Duplicate data can cause some analysis techniques to fail (e.g., regression modeling) or
skew the calculated results.

Duplication data is easily generated: the collation of data from multiple sources can result
in the same measurements appearing more than once, and there may be multiple measure-
ments of the same event (e.g., logging of computer faults where a single root cause pro-
duces the same message at sporadic times after the fault is experienced'3°® and spatially or
functionally adjacent units to generate messages;' 3> see Github—data-check/Blue-Gene.log).

The duplicated function returns information about rows that are exact duplicates. More
subtle duplication may involve the values in a row/column differing by a constant factor
from those in another row/column, e.g., one row contains temperature in Celsius while
another uses Fahrenheit.

When the data is numeric, close duplicates can be highlighted using pairwise correlation;
see section 10.5.4.

Some R functions handle duplicate row/columns gracefully (e.g., the glm function), while
others give unpredictable results (e.g., the solve function, which inverts a matrix), the
behavior depends on the algorithm used and what if any consistency checks were added
by the implementer of the code.

14.6.5 Default values

Sometimes a measurement process returns what is considered to be a reasonable value,
if it cannot return the actual value. For instance, IP geolocation services are always able
to associate a country with an IP address, but when they are unable to further refine the
location within a country, they return a location near the center of the country; for the
USA this is close to the town of Potwin in Kansas (population 449) which appears to
experience orders of magnitude more Internet related events, for its population size, than
other towns in the US.7%

14.6.6 Resolution limit of measurements

Some kinds of measurement are inherently inexact, e.g., time. When working close to the
resolution limit of the measuring process, false signals can be generated by the interaction
between the measurement resolution and the processes generating measurement events.
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A study by Feitelson®®> measured the runtime of processes, executed on a system, to
an accuracy of two decimal digits. Initial analysis of the number of processes whose
execution fell within a given time interval found an unexpected behavior, there were many
time intervals that did not contain any processes; see figure 14.6, upper plot. Further
analysis found that the timer resolution was 1/64 second, and the gaps were an artefact of
the number of digits recorded, recording more digits (see figure 14.6, lower plot) resulted
in fewer intervals containing no measurement points.

14.7 Detecting fabricated data

A sample is not always derived from accurate measurements, the accuracy failures may
be accidental or intentional, or might not involve any actual measurements, e.g., it has
been fabricated.

Like all data analysis, detection of fabricated data is based on finding known patterns in
the data, i.e., patterns that have previously been found to appear in known fabricated data.
As always, the interpretation of why the data contains these patterns is the responsibility
of the audience of the results; it is always worth repeating that domain knowledge is key.

One pattern of behavior observed in real world data, with some regularity, is the first
digit of numeric values following Benford’s law to a reasonable degree of approximation
(while a figure of 30% of all datasets has been quoted, the actual figure is likely to be
much smaller!%3). The failure of data to follow Benford’s law has been used to detect ac-
counting and election'®!? fraud, identification of fake survey interviews!%* and scientific
research,*%

While references to Benford’s law usually involve the first digit of numeric values, there
is a form that applies to the second and perhaps other significant digits.!3¥> There has
also been work!’ suggesting that the digit at the opposite end of numeric literals, the
least significant digit, sometimes has a uniform distribution.

Benford’s law specifies that the probability of the first digit having value d is given by:
P(d) = log;o(1+ 7)

Figure 7.53 shows percentage occurrences for the first digit of numeric literals in C source
code.

If a set of independent and identically distributed random variables are sorted, the dis-
tribution of digits of the differences between adjacent sorted values is close to Benford’s
law.'?87 A test based on this fact can detect rounded data, data generated by linear regres-
sion and data generated by using the inverse function of a known distribution. 3%

The BenfordTests package contains a variety of function for evaluating the conformity
of a dataset to Benford’s law.

When generating fabricated data, it is sometimes necessary to produce a random sequence
of items. People hold incorrect beliefs>!! about the properties of random sequences and
when asked to generate them produce sequences that contain predictable patterns, i.e.,
they are not random.

One study'®7 was able to build a model that predicted repeated patterns in an individual’s

randomly selected sequence, with around 25% success rate, but when the model built for
one person’s behavior was used to make predictions about another persons the success
rate dropped to around 18%.

Detecting divergence from, or agreement with, these patterns of behavior depends on the
authors of the data being unfamiliar with the expected patterns of behavior, or being lazy
(i.e., being unwilling to spend the time making sure that the data they generate has the
expected characteristics; the creators of the fictitious accounts publicly published by Mad-
off’s companies, before his fraud was uncovered, made the effort to ensure they followed
Benford’s law!°7).

An excess of round numbers has been used to suggest that data has been fabricated.'??!

If people are willing to invest some effort, it is possible to manipulate data such that some

statistical tests meet expectations;'?!” see Github—communicating/warp-pts.R.


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/data-check/hujics-proc-pita.R
file:///home/ESEUR-code-data/data-check/hujics-proc-pita.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/communicating/warp-pts.R
file:///home/ESEUR-code-data/communicating/warp-pts.R

Chapter 15

Overview of R

This chapter gives a brief overview of R for developers who are fluent in at least one
other computer language. The discussion pays attention to language features that are very
different from languages the reader is likely to be familiar with; the focus is on a few
language features that can be used to solve most problems.

The R language is defined by its one implementation; available from the R core team.'3*3

A language definition,'>*’ written in English prose, is gradually being written.

R programs tend to be very short, compared to programs in languages such as C+ and
Java; 100 lines is a long R program. It is assumed that most readers will be casual users
of R, whose programs generally follow the pattern:

d=read_data()

clean_d=clean_and_format(d)
d_result=applicable_statistical_routine(clean_d)
display_results(d_result)

If your problem cannot be solved using this algorithm, then the most efficient solution
may be for you, dear reader, to use the languages and tools you are already familiar with,
to preprocess the data so that it can be analysed and processed using R.

R is a domain specific language, whose designers have done an excellent job of creating
a tool suited to the tasks frequently performed when analysing the kinds of datasets en-
countered in statistical analysis. Yes, R is Turing complete, so any algorithm that can be
implemented in other programming languages can be implemented in R, but it has been
designed to do certain things very well, with no regard to making it suitable for general
programming tasks.

As a language the syntax and semantics of R is a lot smaller than many other languages.
However, it has a very large base library, containing over 1,000 functions. Most of the
investment needed to become a proficient user of R has to be targeted at learning to how
to combine these functions to solve the problem at hand. There are over 10,000+ add-on
packages available from the CRAN (Comprehensive R Archive Network).

Help on a specific identifier, if any is available, can be obtained using the ? (question
mark) unary operator, followed by the identifier. The ?? unary operator, followed by the
identifier, returns a list of names associated with that identifier for which a help page is
available.

The call library(help=circular), lists the functions and objects provided by the pack-
age named in the argument.

15.1 Your first R program

Much like Python, Perl and many other interpreted implementations, R can be run in
an interactive mode, where code can be typed and immediately executed (with "Hello
world" producing the obvious output).

Your first R program ought to read some data and plot it, not just print "Hello World".
The following program reads a file containing a single column of values and plots them,
to produce figure 15.1:
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Figure 15.1: Plot produced by hello_world.R program.

Github—Local

(]

r

w

388 15. Overview of R

the_data=read.csv("hello_world.csv'")

plot(the_data)

The read. csv function is included in the library that comes bundled with the base system
(functions not included in this library have to be loaded using the library function,
before they can be referenced; the package containing them may also need to be installed
via the install.packages function) and has a variety of optional arguments (arguments
can be omitted if the function definition includes default values for the corresponding
parameter). Perhaps the most commonly used optional arguments are sep (the character
used to separate, or delimit, values on a line, defaults to comma) and header (whether
the contents of the first line should be treated as column names, default TRUE).

The value returned by read.csv has class data.frame, which might be thought of as a
C struct type (it contains data only, there are no member functions as such).

The plot function attempts to produce a reasonable looking graphic of whatever data is
passed, which for character data is a histogram of the number of occurrences. Users of
R are not expected to be interested in manipulating low level details, and some effort is
needed to get at the numeric values of characters.

There are a wide variety of options to change the appearance of plot output; these can be
applied on each call to plot, or globally for every call (using the par function).

All objects in the current environment can be saved to a file using the save function, and
a previously saved environment can be restored using the 1oad function. When quiting an
R session (by calling g()), the user is given the option of saving the current environment
to a file named .RData; if a file of this name exists in the home directory, when R is
started, its contents are automatically loaded.

15.2 Language overview

R is a language and an environment. Like Perl, it is defined by how its single implemen-
tation behaves, i.e., the software maintained by the R project.!>*8

R was designed, in the mid-1990s, to be largely compatible with S (a language, which
like C, started life in the mid-1970s at Bell Labs). When S was created, Fortran was the
dominant engineering language and the Fortran way of doing things had a strong impact
on early design decisions, i.e., R does not have a C view of the world; for instance, it uses
a row/column, rather than column/row ordering.

The designers of R have called it a functional language, and it does support a way of do-
ing things that is most strongly associated with functional program languages (including
making life cuambersome for developers wanting to assign to global variables).

The language also contains constructs that are said to make it an object-oriented lan-
guage, and it certainly contains some features found in object-oriented languages. Object-
oriented constructs were first added in the third iteration of the S language, and were more
of an addition to the functional flavor of the language than a complete make-over. The
primary OO feature usage is function overloading, when accessing functions from library
packages.

Lateral thinking is often required to code a problem in R, using knowledge of functions
contained in the base system, e.g., calling order to map a vector of strings to a unique
vector of numbers.

Some data analysts write non-trivial programs in R, which means they have to deal with
the testing and debugging issues experienced by users of other languages.

Base library support for debugging includes support for single stepping through a func-
tion, via the debug function, and setting breakpoints via the setBreakpoint function;
package support includes: RUnit package for unit testing, and the covr package for mea-
suring code coverage.

15.2.1 Differences between R and widely used languages

The following list describes language behaviors that are different from that encountered
in other commonly used languages (Fortran developers will not consider some of these to
be differences):


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/Rlang/hello_world.R
file:///home/ESEUR-code-data/Rlang/hello_world.R
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* there are no scalars, e.g., 2 is a vector containing one element and is equivalent to
writing c(2). Most unary and binary operators operate on all elements of a vector
(among other things).

Many operations that involve iterating over scalar values in other languages, e.g., adding
two arrays, can be performed without explicit iteration in R, e.g., c(1, 2) + c(3, 4)
has the value c(4, 6),

* arrays start at one, not zero,

* matrices and data frames are indexed in row-column order (C-like languages use column-
row order),

* case is significant in identifiers, e.g., some_data and Some_data are considered to refer
to different objects,

* the period (dot, full stop, i.e., .) is a character than can occur in identifiers (e.g., a.
name), it is not a separate token having the role of an operator,

 some language constructs, implemented via specific language syntax in other languages,
are implemented as function calls in R, e.g., the functionality of return and switch is
provided by function calls,

* assignment to a variable in an outer scope, from within a function, is specified using
the <<- operator. The other assignment operators (e.g., <-, -> and =) always assign to
a local variable (creating one, if a variable of the given name does not already exist, in
local scope),

* vectors/arrays/data.frames can be sliced to return a subset of the original,

* explicit support for NA (Not Available). This value denotes a number that may exist, but
whose value is unknown. Operations involving NA, return NA, when the result value is
not known because the value of NA is unknown, but will return a value when the result
is independent of the value of NA, e.g., NA || TRUE,

* type conversion behavior may be driven by semantics rather than the underlying repre-
sentation, e.g., as.numeric("1") ==1 and as.numeric("a") returns NA.

The following R language features are found in commonly used languages:

* objects and functions come into existence, during program execution, when they are
assigned a value, appear as a function parameter, or in more obscure ways (there is no
mechanism for declaring any kind of identifier),

* the type of an object is the type of the value last assigned to it,

* decimal and hexadecimal literals have type numeric (literals starting with zero are not
treated as octal literals; any leading zero is ignored) even if they look like integers,
because they do not contain a decimal point. Some input functions, e.g., read.csv,
consider a column to have integer type, if all its values can be represented as an integer,

* what most other languages consider to be a statement (i.e., something that does not
return a value) R treats as an expression, e.g., if/for statements return a value.

15.2.2 Objects

Operations in R are performed on objects, sometimes known as variables. Objects are
characterized by their names and their contents; with the contents in turn being character-
ized by attributes specifying the kind of data contained in the object.

The R type system has evolved over time, and includes the terms mode (a higher level
view of the value representation, at least sometimes, than typeof, e.g., integer and double
have mode numeric), storage.mode (a concept going back to the S language) and typeof
(the underlying representation used by the C implementation of the language).

The mode, storage.mode and typeof functions return a string containing the respective
information, e.g., numeric, integer or function.

The length of an object is the number of elements it contains, e.g., a two-dimensional
array containing i rows and j columns, contains i X j elements. The length function
returns the number of elements in its argument.

The assignment operator creates an object, with the object name being the left operand
and its value and type being that of the right operand (left/right is reversed when the ->
assignment operator is used).
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15.3 Operations on vectors

15.3.1 Creating a vector/array/matrix

An R vector can be thought of as a one-dimensional array. Vectors are indexed starting at
1 (not zero), and it is possible to added additional elements to a vector, but not remove an
existing element.

X =2 # new vector containing one value

x = c(2, 4, 6, 8, 10) # new vector containing five values

# new vector containing the contents of x and two values

x = c(x, 12, 14)

y = vector(length=5) # new vector created by function call

y = 3:8 # same as c(3, 4, 5, 6, 7, 8)

z = seq(from=3, to=13, by=3) # create a sequence of values

# All elements converted to a common type

z =c(1, 2, "3") # String has the greater conversion precedence

Multidimensional arrays can be created using the array function, with the common case
of 2-dimensional arrays supported by a specific function, i.e., the matrix function.

> # create 3-dimensional array of 2 by 4 by 6, initialized to O

> a3=array(0, c(2, 4, 6))

> matrix(c(1, 2, 3, 4, 5, 6), ncol=2) # default, populate in column order
[,11 [,2]

[1,] 1 4

[2,] 2 5

[3,1] 3 6

> # specify the number of rows and populate by row order

> matrix(c(l1, 2, 3, 4, 5, 6), nrow=2, byrow=TRUE)
[,11 [,2] [,3]

[1,] 1 2 3

[2,] 4 5 6

> x = matrix(nrow=2, ncol=4) # create a new matrix

>y c(1, 2, 3)

> z as.matrix(y) # convert a vector to a matrix

> str(y)

num [1:3] 1 2 3

> str(z)

num [1:3, 1] 1 2 3

15.3.2 Indexing

One or more elements of a vector/array/matrix can be accessed using indexing. Accesses
to elements that do not exist return NA. Negative index values specify elements that are
excluded from the returned value.

The zeroth element returns an empty vector.

> x = 10:19
> x[2]
[1] 11
> x[-1] # exclude element 1
[1] 11 12 13 14 15 16 17 18 19
> x[12] # there is no 12’th element
[1] NA
> x[12]=100 # there is now
> X
[1] 10 11 12 13 14 15 16 17 18 19 NA 100

Multiple elements can be returned by an indexing operation:

> x = 20:29

> x[c(2,5)] # elements 2 and 5

[1] 21 24

>y = x[x > 25] # all elements greater than 25
>y

[1] 26 27 28 29
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> # The expression X > 25 returns a vector of boolean values
>i=x>25
> 1

[1] FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE TRUE TRUE
> # an element of x is returned if the corresponding index is TRUE
> x[i]
[1] 26 27 28 29

Matrix indexing differs from vector indexing in that out-of-bounds accesses generate an
error.

> x = matrix(c(1, 2, 3, 4, 5, 6), ncol=2)
> x[2, 1]
[1] 2
> # x[2, 3] need to be able to handle out-of-bounds subscripts in Sweave...
> x[, 1]
[1] 123
> x[1, 1]
[111 4
> x[3, ]=c(0, 9)
> X
[,11 [,2]
[1,] 1 4
[2,] 2 5
[3,] 0 9
> x=cbind(x, c(10, 11, 12)) # add a new column
> X
[,11 [,2]1 [,3]
[1,] 1 4 10
[2,] 2 5 11
[3,] 0 9 12
> x=rbind(x, c(5, 10, 20)) # add a new row

> X

(.11 [,2] [,3]
[1,] 1 4 10
[2,] 2 5 11
[3,] 0 9 12
[4,] 5 10 20

15.3.3 Lists

The difference between a list and a vector is that different elements in a list can have
different modes (types) and existing elements can be removed.

> x = list(name="Bill", age=25, developer=TRUE)
> X

$name

[1] "Bill"

$age
[1] 25

$developer

[1] TRUE

> x$name

[1] "Bill"

> x[[2]]

[1] 25

> x = list("Bill", 25, TRUE)
> X

[[1]1]

[1] "Bill"

(211
[1] 25

[[3]1]
[1] TRUE
> y = unlist(x) # convert x to a vector, all elements are converted to strings
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>y

[1] "Bill™ "25" "TRUE"

> x = list(name="Bill", age=25, developer=TRUE)
> x$sex="M" # add a new element

> X

$name

[1] "Bill"

$age
[1] 25

$developer
[1] TRUE

$sex

[1] "M"

> x$age = NULL # remove an existing element
> X

$name

[1] "Bill"

$developer
[1] TRUE

$sex
[1] "M"

The [[ ]] operator returns a value, while [ ] returns a sublist (which has mode list).

15.3.4 Data frames

From the perspective of a programmer coming from another language, it may seem ap-
propriate to think of a data frame as behaving like a matrix, and in some cases it can
be treated in this way, e.g., when all columns have the same type, functions expecting a
matrix argument may work. However, a better analogy is to think of it as an indexable
structure type (where different members can have different types).

The read. csv functions reads a file containing columns, of potentially different types,
and returns a data frame.

When indexing a data frame like a matrix, elements are accessed in row-column order
(not the column-row order used in C-like languages). The following code selects all rows
for which the num column is greater than 2.

> x = data.frame(num=c(1, 2, 3, 4), name=c("a", "b", "c", "d"))

> X

num name
1 a
2 b
3 d
4 d

# Middle two values of the column named num

x$num[2:3]

11 2 3

# Have to remember that rows are indexed first and also specify x twice

x[x$num > 2, ]

num name
3 d
4 d

# Using the subset function removes the possibility of making common typo mistakes

# No need to remember row/column order and only specify x once

subset(x, num > 2)

num name
3 c

4 4 d

V V=V V. dwNR

V V. V b w

w

If one or more columns contain character mode values (i.e., strings), read.csv will cre-
ate, by default, a factor rather than a vector. The argument: as.is=TRUE causes strings to
be represented as such.
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Where ever possible, the code written for this book uses the subset function, rather than
relying on correctly indexing a data frame.

15.3.5 Symbolic forms

An R expression can have a value which is its symbolic form.

exp = expression(x/(y+z))
eval(expr) # evaluate expression using the current values of x, vy and z

Uses of expression values include: specifying which vectors in a table to plot in a graph,
and including equations in graphs, for instance:

text(x, y, expression(p == over(l, l+eA(alpha*x+beta))))

results in the following equation being displayed at the point (X, y): p = Treaif

The D function takes an expression as its first argument, and based on the second argu-
ment, returns its derivative:

> D(expression(x/(y + z)A2), "z")
—Gcx (2% (v + 2))/((y + 2)72)12)

15.3.6 Factors and levels

When manipulating non-numeric values (e.g., names) statisticians sometimes find it con-
venient to map these values to integer values and manipulate them as integers. In pro-
gramming terminology, a variable used to represent one or more of these integer values
could be said to have a factor type, with the actual numeric values known as levels (a
parallel can be drawn with the enumeration types found in C+ and C, except these assign
names to integer values).

(L] nooson

> factor(c("win", "win", "lose", "win", "lose", "lose"))
[1] win win lose win lose lose
Levels: lose win

Some operations implicitly convert a sequence of values to a factor. For instance, read.
csv will, by default, convert any column of string values to a factor; this conversion is a
simplistic form of hashing, and (when a megabyte was considered a lot of memory) was
once driven by the rationale of saving storage. These days the R implementation uses
more sophisticated hashing, and we live with the consequences of historical baggage.

Operations of objects holding values represented as factors sometimes have surprising
effects, for those unaware of how things used to be.

15.4 Operators

Operators in R have the same precedence rules as Fortran, which in some cases differ
from the C precedence rules (which most commonly used languages now mimic). An
example of this difference is: !x ==y which is equivalent to ! (x ==y) in R, but in C-like
languages is equivalent to (!x) ==y (if x and y have type boolean, there is no effective
difference, but expressions such as: !1 ==2 produce a different result).

A list of operators and their precedence can be obtained by typing ?Syntax, at the R
command line.

Within an expression operand evaluation is left to right, except assignment which evalu-
ates the right operand and then the left.

In most cases, all elements of a vector are operated on by operators:

> c(5, 6) +1

[1] 6 7

> c(1, 2) + (3, 4
[1] 4 6



394 15. Overview of R

> c(7, 8, 9, 10) + c(11, 12)
[1] 18 20 20 22

> ¢c(0, 1) < c(1, 0)

[1] TRUE FALSE

in the last two examples recycling occurs, that is the elements of the shorter vector are
reused until all the elements of the longer vector have been operated on.

The && and Il operators differ from & and | in that they operate on just the first element
of their operands, returning a vector containing one element, e.g., c(0,1) && c(1,1)
returns the vector FALSE.

The base system includes a set of bitw??? functions, that perform bitwise operations on
their integer arguments; there is the bitops package.

Operators

& &&
H

> =>>

<- <<-
?

Description

access variables (right operand) in a name space (left operand)
component / slot extraction (member selection has lower precedence than
subscripting in C-influenced languages)

array and list indexing

exponentiation (associates right to left)

unary minus and plus

sequence operator

special operators (%% and %/% has the same precedence as * and / in
C-influenced languages)

multiply and divide

(binary) add and subtract

relational and equality (non-associative; equality has lower precedence in
C-influenced languages)

negation (greater precedence than any binary operator in C-influenced
languages)

and of all elements and the first element

or of all elements and the first element

as in formulae

local and global rightwards assignment

assignment (associates right to left)

local and global assignment (associates right to left)

help (unary and binary)

Table 15.1: R operators listed in precedence order.

The character used for exclusive-or in C-influenced languages, ~, is used for exponentia-
tion in R; the xor function performs an exclusive-or of its operands. Like Fortran, R also
supports the use of ** to denote exponentiation.

The [ and [[ operators differ by more than being array and list indexing. The result of
the index x[1] has the same type as X, i.e., the operation preserves the type), while the
result of x[[1]] is a simplified version of the type of x (if simplification is possible.'

x=c(a=1, b=2)
x[1]

x[[1]]
[1] 1
>x = list(a =1, b = 2)
> str(x[1])
List of 1
$ a: num 1
> str(x[[11])

num 1
> x = matrix(1l:4, nrow = 2)
> x[1, 1]
[1] 1 3
> x[1, , drop = FALSE]
[,11 [,2]

{Out-of-bounds handling is also different, but I’m sure readers’ don’t do that sort of thing.
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[1,] 1 3

> # x[[1, ]] is not allowed

>

> df = data.frame(a = 1:2, b = 1:2)

> str(df[1])

"data.frame’: 2 obs. of 1 variable:
$ a: int 1 2

> str(df[[1]])

int [1:2] 1 2

> str(df[, "a", drop = FALSE])
"data.frame’: 2 obs. of 1 variable:
$ a: int 12

> str(df[, "a"])

int [1:2] 1 2

15.4.1 Testing for equality

In addition to the equality operators, the base system includes two equality related func-
tions, identical and all.equal.

>x =1:5 ; y=1:5

> x ==y # Return the result of equality test for each corresponding element
[1] TRUE TRUE TRUE TRUE TRUE

> identical(x, y) # Return a single value denoting exact equality

[1] TRUE

> 1L == # 1L is stored internally as an integer, 1 is stored as a double
[1] TRUE

> identical(1L, 1) # identical requires the stored type be the same

[1] FALSE

> 0.9 == (1.1 - 0.2) # could be affected by lack of precision

[1] FALSE

> all.equal(0.9, 1.1 - 0.2) # do a fuzzy compare

[1] TRUE

> all.equal(0.9, 1.1 - 0.2, tolerance=0) # find out much how fuzz there is
[1] "Mean relative difference: 1.233581e-16"

The default tolerance used by the all.equal function is .Machine$double.eps”0.5.

Comparisons against NA always returns NA. The is.na function can be used to check for
this quantity; the anyNA function returns TRUE, if its argument contains at least one NA.

15.4.2 Assignment

Four of the ways of assigning a value to a variable in R include:

X <- 3 # Operator used by people who follow the herd
X <<- 3 # Assigns to the x at global scope

3 -> x # Rarely encountered outside descriptions of the language

X =3 # Supported since R version 1.4

Many R books and articles use the two characters <-.! Developers are used to seeing the
= token, and with nothing other than conformity to existing R usage to recommend the
alternative, the assignment token that developers are already very familiar with, is used in
this book.

There is one context where = does not behave like normal assignment. R supports the
use of parameter names in arguments to function calls, to explicitly specify that a named
parameter is to be assigned a given value. In the context of a function argument list, the
left operand of = is treated as the name of a parameter and the right operand as the value
to be assigned. An error is flagged, if the function definition does not have a parameter
having the specified name.

iiThe developers of the S language used terminals that had a single key for this symbol sequence.
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func = function (a, b, c) a+ b * c

func(2, 3, 9)
func(c=9, b=3, a=2)

func(d=3, 4, 5) # no parameter named d, an error is raised

# use <- if the intent is to assign to d and pass this value as an argument
func(d<-3, 4, 5)

15.5 The R type (mode) system

R supports values having the following basic types (R also has the concept of mode, which
is based on semantics rather than underlying representation, e.g., the mode function returns
numeric where typeof returns either integer or double):

¢ NULL:

* raw: essentially uninterpreted byte values,

¢ logical: holds one of the values: TRUE, FALSE, T or F. The conversion as.logical(an
y_non_zero_value) returns TRUE,

 character: what many other languages call a string type,

« integer: the only integer type, contains 32 bits (NA is represented using the most negative
value, so this value is not available as an integer; trying to generate this, or any other
value outside the representable value of a 32-bit integer, will result in a value having a
double type),

* double: the only floating-point type, contains 64 bits. Can exactly represent all 32-bit
integers,

» complex: contains a real and imaginary double type,

An object may be reported to have one of these basic types, but it may actually be a vector
or array of this type.

More complicated types may be created, such as lists, data frames, etc.

15.5.1 Converting the type (mode) of a value

It is often possible to convert the mode (type) of a value by calling the as.some_mode
function, where some_mode is the name of a mode, e.g., integer. If a conversion fails,
NA is returned.

Conversion precedence

NULL < raw < logical < integer < real < complex < character < list < expression

15.6 Statements

R contains the usual language constructs that look like statements, but they can behave

like expressions:

« function: defines a function, whose value has to be assigned to an object:
f=function(pl, p2) {return(pl+p2)}

* blocks of code are bracketed using the punctuation pair: { and },

* ; (semicolon) is required to delimit multiple expressions on the same line, but is other-
wise optional,

« if: which takes an optional else arm (there is no then keyword, but there is an ifthene
1se function),

¢ for: which has the form for (i in x), where x is a vector (such as 1:10),

¢ while and repeat loops are available,
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* loops may be terminated using the break keyword or the break function, and may be
continued at the next iteration using the next keyword or next function,

e return is a function: return(l+return(l)) returns the value 1,

e switch is a function.

15.7 Defining a function

=1 # a global variable
= function(pl, p2) # define a function and assign it to f

g
f
{
1=g # Value access, check lexical and dynamic scope for g

g=2 # Assignment: only check local scope, if no variable exists, create one

m=h # h is dynamically in scope

return(return(1l)+1) # return is a function call

}

h=2 # another global variable

£f(1, 2)

[111

> g

[1]1 1

> h=3 # At global scope, so must be global variable

VV 4+ 4+ + 4+ + 4+ + VYV

Argument evaluation is lazy, that is, they are evaluated the first time their value is required.

The ... token (three dots) specifies that a variable number of unknown arguments may
be passed.

unk_args=function(...)

{

a=list(...) # Convert any arguments passed to a list of values
# Access the list of values in a

}

15.8 Commonly used functions

Technically every operation is a function call (so "+’ (1, 2) and 1+2 are equivalent), but
not all function calls have equivalent operator tokens.

> x = 1:10

> if (any(x > 7)) print("At least one value greater than 7")
[1] "At least one value greater than 7"

> if (all(x > 0)) print("All values greater than zero")

[1] "All values greater than zero"

> rep(1:2, 3)

[1]121212

* head/tail mimics the behavior of the Unix head/tail programs,
* length returns the number of elements in its vector argument,

* nrow/ncol return the number of rows/columns in the data frame argument (NROW/NCOL
gracefully handle vector arguments),

* order returns a vector containing an index in to the argument in the order needed to
sort the argument values,

* str lists the columns in a variable, along with their type and the first few values in each
row; it provides a quick way of verifying that columns have the expected type.

* which returns a vector of values containing the index of the argument values that are
true,

* methods: list functions overloaded on the argument name
* installed.packages: list all installed packages
¢ 1s: lists variables that exist in the current environment,

e system.time, proc.time: cpu time used, and the real, and cpu time of the currently
running R process.
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15.9 Input/Output

Functions are available for reading data having a variety of formats (e.g., comma sep-
arated values), from all the common data sources, e.g., files, databases, web pages. In
some cases the contents of a compressed file will be automatically uncompressed before
reading. In the case of files, all the data contained in the file is often read, and returned as
a single object.

Many functions try to automatically deduce the datatype of the data read, e.g., whether
it is integer, real, character sequence, etc. Sometimes the datatype selected is not correct,
and work has to be done to ensure the data is treated as having the desired type; the read.
csv function bases its decision on the type of each column, by analysing the first 6, or so,
lines of the file.

Some functions in the base system, e.g., read.csv, convert columns containing string
values to factors, by default; the original intent was, presumably, to reduce the storage
needed to hold the data. A column of factors, as a type, does not always behave the same
as a column of strings and this default conversion behavior is often a liability. Using the
argument as.is=TRUE prevents values being converted to factors (it is used in all of this
book’s example code).

data=read.csv("measurements.csv.gz", as.is=TRUE) # file will be uncompressed
data=read.csv("measurements.csv", sep="|", as.is=TRUE) # change separator

data=read.csv("https://github.com/Derek-Jones/ESEUR-code-data/blob/master/benchmark/MST

The first line of the input file is assumed to denote the name of each column, specifying
header=FALSE switches off this default behavior.

All characters on an input line after, and including, the comment character, #, are ignored
(various options interact with this behavior, including the comment.char option which
can be used to change the character used).

The foreign package supports the reading (and some writing) of data stored in some of
the binary file formats used by other applications, e.g., read. spss.

If data is not already in a form that can be easily processed by R, it may be simpler to
convert it using a language or tool that you are already familiar with, rather than using R.

The R environment includes a simple spreadsheet like editor for manual data entry and
modifying existing data.

scores = edit(scores) # invoke built-in spreadsheet like editor

There are corresponding write functions for many of the read functions, e.g., write.
csv.

The print function performs relatively simple formatted output (the format function
can be used to create more sophisticated formatting, that can then be output); the cat
function performs relatively little formatting, but is more flexible, and in particular does
not terminate its output with a newline; the sink function can be used to specify an
alternative location to write console output.

15.9.1 Graphical output

There are probably more functions supporting graphical output, in R, than textual output.
Perhaps the most commonly used graphical output function is plot. This function often
does a good job of producing a reasonable graphical representation of the data. Over-
loaded versions of this function are often provided by packages, to plot data having a
particular class created by the package.

By default, graphical output is sent to the console device; this behavior can be overridden
to produce a file having a particular format, e.g., pdf, jpeg, png and pictex. The list of
supported output devices varies across the operating systems on which R runs.

The behavior of the plot function can be influenced by previous calls to the par function,
which set configurable options.

Various packages providing graphical output are available, with the ggplot package prob-
ably being the most commonly used by frequent R users.
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15.10 Non-statistical uses of R

While the target of R’s domain specialised functionality is statistical data analysis, there
are other application domains where this functionality could be useful (but may not war-
rant effort needed to learn R).

A variety of functions designed for manipulating the rows and columns of delimited data
files are available; see Github—Rlang/Top500.R.

A technique for spotting whether a file contains compressed data (e.g., a virus hidden in
a script by compressing it to look like a jumble of numbers) is to plot the fraction of dis-
tinct values appearing in successive, fixed size, blocks; see figure 15.2. Compressed data
is likely to contain an approximately uniform distribution of byte values (compression
is achieved by reducing apparent information content), your mileage may vary between
compression methods.

0.7
The following code reads a pdf file, applies a sliding window to the data and then plots
the fraction of distinct values in each window (at a given offset). 0.6
window_width=256 # if less than 256, divisor has to change in plot call
0.51
(]
plot_unique=function(filename) .5
{ 5 0.4
t=readBin(filename, what="raw", n=le7) .5
C
] 0.31
# Sliding the window over every point is too much overhead w
cnt_points=seq(1l, length(t)-window_width, 5) 0.21 w
u=sapply(cnt_points, function(X) length(unique(t[X:(X+window_width)]))) 014
plot(u/256, type="1", xlab="O0ffset", ylab="Fraction Unique", las=1) '
0 500 1500 2500 3500
;eturn(u) File offset

Figure 15.2: The unique bytes per window (256 bytes
dummy=plot_unique("http://www.coding-guidelines.com/R_code/requirements.tgz") wide) of a pdf file. Github—Local

15.11 Very large datasets

While most existing software engineering datasets tend to be small, exceptions may oc-
cur from time to time. A variety of techniques are available for handling large datasets,
including:

* the bigmemory package provides software defined memory management, e.g., swap-
ping data between memory and main storage. The bigtabulate package, along with
other big??? packages contain functions that perform commonly used operations on
this data.

* the data.table package extends data.frames to support up to 100G of storage,


https://github.com/Derek-Jones/ESEUR-code-data/blob/master/Rlang/unique-bytes.R
file:///home/ESEUR-code-data/Rlang/unique-bytes.R
https://github.com/Derek-Jones/ESEUR-code-data/blob/master/Rlang/Top500.R
file:///home/ESEUR-code-data/Rlang/Top500.R
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