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Abstract Traditional centralized systems cannot deal with the big data context. Distributed computing platforms
such as Apache Spark have been widely adopted, but configuring their parameters is challenging given the number
of factors and their interactions. This work employs Design of Experiments (DoE) techniques to screening most
relevant factors regarding execution time of a Naive Bayes machine learning distributed task on a subset of the PT7
Web Corpus, which has 14.88 GB of data. Employing a fractional factorial design with 192 experimental units and
linear regression techniques with backward elimination, we obtained (i) the most relevant factors based on statistical
significance and (ii) a model capable of predicting execution time according to parameters’ values in the analyzed
context. Our results also include a visualization technique based on Inselberg’s Parallel Coordinates to comprehend

the impact on performance facing various configuration possibilities.
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1 Introduction

The first years of the 21% century were marked by a leap
in the capacity to generate data on an unprecedented scale.
Traditional tools, based on centralized computing systems,
no longer addressed the storage, processing, and analysis re-
quirements produced by the complexity of the big data con-
text [Amato, 2017]. As a result, new tools began to take ad-
vantage of the computing capacity of clusters of distributed
machines, organized to achieve horizontal scalability [Ro-
drigues, 2020]. Frameworks such as Apache Spark [Zaharia
et al., 2010] have been widely adopted by the market and
academia in the application layer of such clusters as a com-
puting engine for big data.

The performance of distributed tasks can be affected,
among many reasons, by hardware configuration parameters
related to each computing node, by the cluster architecture,
by the volume of data or its nature, by the task to be exe-
cuted and also by configuration parameters of the computing
software (framework) itself. Spark has several configuration
parameters related to the execution environment, memory
management, and others [Chen et al., 2016]. Certain con-
figurations have an impact on the duration of the task, and
the inappropriate combination of values can result in signifi-
cant performance degradation. As an example, a different set
of parameters configuration can optimize BigDataBench’s
Grep benchmark from 150s to less than 75s. [Wang et al.,
2016; Ahmed ef al., 2020]. Furthermore, using real-world
case studies, Gounaris and Torres [2018] found an average
improvement factor of 1.34 for music recommendation. Op-
timizing execution time becomes especially important when
employing the cloud computing model, in which the mon-
etary cost depends on the allocated resources and their pric-
ing, often calculated per minute. Therefore, it is necessary to

identify the most relevant parameters to make the most of the
specific context: cluster size, machine capacity, type of algo-
rithm to be executed, volume and nature of the data [Nguyen
et al., 2018; Rodrigues et al., 2021].

Testing the influence of each of the factors on the time vari-
able would become costly or even unfeasible, since Spark
has more than 180 configuration parameters [Wang et al.,
2016]. Taking only twelve parameters, for example, 4096
experimental units would be necessary to evaluate the in-
fluence of the main factors and their interactions up to the
highest order. Furthermore, to minimize the noise caused by
background variables in the response variable, it is recom-
mended that experiments be carried out with at least three
replications [Montgomery, 2017]. That is, the number of ex-
perimental units would increase even more.

That said, this research aimed to screen the software con-
figuration factors that produce the greatest impact on the
execution time of a machine learning classification task in
Spark using the PT7 Web dataset [Rodrigues et al., 2020]. To
this end, methodologies based on DoE — Design of Exper-
iments [Fisher, 1936] were used to collect experimental evi-
dence in a controlled environment; carefully establishing the
quantity and limits of the variables, as well as the appropriate
organization, conduction, and collection of results. Finally,
factors that do not produce a statistically significant impact
on performance were excluded and a linear model was devel-
oped that estimates execution time.

It is important to emphasize that the scope of the research
does not include performance analysis in terms of accuracy,
ROC curve or other metrics related to the classification ca-
pacity of the algorithm itself. The effort was focused on per-
formance analysis in terms of the execution time of the al-
gorithm, running on the distributed cluster with the software
configuration variations of the framework.
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Our main contributions are:

* theoretical basis and practical demonstration of Design
of Experiments to quantify the impact of software con-
figuration factors on the execution time of distributed
jobs in Spark;

 a visual tool based on parallel coordinates for fine-
tuning configurations.

The rest of the paper is organized as follows: Section
2 lists the related works and strategies taken by other re-
searchers. The concepts about big data, DoE, parallel coordi-
nates, and linear regression are presented in Section 3. The
methodology is described in Section 4. The results are de-
scribed and discussed in Section 5. Finally, the conclusions
are condensed in Section 6.

2 Related Works

The following papers have proposed different approaches to
analyze the influence of hardware and software parameters
on the performance of the Spark framework. Techniques in-
clude trial and error, simulation, machine learning, and De-
sign of Experiments (DoE).

Based on trial-and-error methodology, Petridis et al.
[2017] tested the performance of 12 (twelve) Spark parame-
ters chosen from over 150 others based on the authors’ knowl-
edge and experience with the framework. The impact on ex-
ecution time for each test was analyzed, and a sequential pro-
cedure for parameter tuning was obtained. The methodology
was then improved to measure pairs of parameters [Gounaris
and Torres, 2018]. Ahmed et al. [2020], also based on the
trial-and-error method, analyzed 18 (eighteen) different pa-
rameters and showed that tuning for various types of applica-
tions and different data sizes can result in better performance.

Machine learning predictive models have been used to esti-
mate which configuration among 13 (thirteen) Spark param-
eters would yield the best performance, improving task ex-
ecution by up to 55% [Wang ef al., 2016]. Attribute selec-
tion algorithms have been used to estimate the execution time
of Spark tasks for different parameters and values [Nguyen
et al., 2018]. Also, the Intel© CoFluent™ Studio tool was
used to simulate a Spark cluster and measure the execution
time by scaling 33 software parameters and five different
hardware parameter groups [Chen et al., 2016].

Moving on to DoE applications in Computer Science, re-
search can be found in several fields such as an effort to
identify the hyperparameters with the greatest impact on the
execution of the Random Forest algorithm using the R lan-
guage [Lujan-Moreno ef al., 2018].

At last, Rodrigues et al. [2021] applied DoE techniques
to investigate the performance of Spark clusters using full
and 2% fractional factorial experimental designs. The au-
thors screened data size and hardware parameters: num-
ber of nodes, and for each, the number of cores, the amount
of RAM, and the number of SSD disks. The objective was
to investigate how they affect execution time and monetary
cost in a cluster running machine learning algorithms. The
experiments highlighted a higher relevance with respect to
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execution time related to the data size and the number of com-
puting nodes. Two non-intuitive results were also found: the
amount of RAM did not impact time or cost, while SSD disks
were neutral concerning their contribution to time, only im-
pacting the monetary cost.

Table 1 summarizes all the cited works with information
about the tested parameters, the techniques used in the exper-
iments, and their results. All improvements are described in
comparison with the default configuration of the Spark pa-
rameters.

This paper differs from others by applying DoE to ex-
clusively analyze software parameters of the Spark frame-
work, obtaining a linear regression model with backward
elimination. This approach aims to identify the most rele-
vant parameters from a subset preselected by the authors and
to assist in decision-making in adjusting the configuration
for better performance in terms of time, maintaining fixed
the hardware environment.

Design of Experiments was the methodological choice be-
cause it is effective to achieving the main goal of this re-
search: identify the result of variation effects of multiple
computational configuration scenarios, and to screening rel-
evant factors on time performance, delivering safe statisti-
cal results at predictable intervals. DoE presents a generaliz-
able method, applicable to any distributed algorithm in clus-
ters for big data processing, with revealing results regarding
the dynamics of effects between the configuration settings of
platforms and their result on performance metrics.

3 Theoretical Framework

The research involved big data concepts, statistical tech-
niques of experimental designs (DoE) and regression analy-
sis; concepts that are discussed in the following subsections.

3.1 Big data and Apache Spark

The definition of big data is based on its three fundamen-
tal characteristics, known as the 3 V’s of big data [Laney,
2001]. The first of these, volume, denotes data sets in large
quantities. There is also the velocity at which these data are
produced and must be analyzed before they become obso-
lete [Laney, 2001; Amato, 2017]. Finally, the many sources
and diverse formats of the data characterize its variety.
Scientific projects, the increased use of social networks,
the advent of the Internet of Things, the widespread use of
multimedia communication — all these factors contribute
to the big data phenomenon and data generation in such
quantity and complexity that analysis becomes challeng-
ing [Hashem et al., 2015; Simonet et al., 2015]. Such charac-
teristics pose issues when using traditional storage and pro-
cessing techniques based on centralized computing. These
challenges are sought to be solved through clusters of ma-
chines connected in a high-speed network capable of pro-
viding the necessary computing power and storage capac-
ity [Amato, 2017]. This approach simplifies the resolution
of scalability problems, promotes redundancy, and provides
solutions with fault tolerance capacity [Rodrigues, 2020].



How Does Software Configuration Parameters Impact Job's Execution Time in Spark?

Nunes & Rodrigues, 2025

Table 1. Summary of related works, methodological approaches, and their results.

Authors

Parameters

Technique

Result

Petridis et al. [2017]

Gounaris and Torres [2018]

Ahmed et al. [2020]

Wang et al. [2016]

Nguyen et al. [2018]

Chen et al. [2016]

12 Spark parameters
12 Spark parameters

18 Spark parameters

13 Spark parameters

13 Spark parameters

33 software
parameters and 5
different hardware

trial-and-error
trial-and-error

trial-and-error

machine learning

machine learning /
feature selection
algorithm

Software simulation
(Intel© CoFluentTM
tool)

Execution time up to 10 times faster
At least 20% of performance improvement
Up to 3% of performance improvement
changing value of only one of analyzed
parameters
Average of 36% of performance
improvement (with improvement directly
proportional to data size)
Identification of the most relevant
parameters for each workload and
performance improvement of up to 40%

Up to 71% performance improvement for
PageRank benchmark

parameter groups

7 Random Forest

Lujan-Moreno ez al. [2018] algorithm
parameters

Rodrigues et al. [2021] 4 hardware
parameters

DoE / response
surface methodology

DoE / factorial
fractional design)

Identification of the most relevant
parameters for the used dataset and
optimization of algorithm with balanced
accuracy improvement from 0,63 to 0,81
Identification of relevant factors for
investigated workloads and performance
improvement of up to 70%

Spark [Zaharia et al., 2010] has emerged as a unified com-
puting engine and a set of libraries for parallel data process-
ing on clusters of computers. Typically, using the frame-
work with its default configuration is sufficient to perform
any analysis reliably. However, when more efficiency is
needed, pipeline and shuffle operations, communication be-
tween drivers and workers, data distribution within the clus-
ter, and many more, can have their behaviors adjusted by spe-
cific configuration parameters [Gounaris and Torres, 2018;
Nguyen et al., 2018].

3.2 Design of experiments (DoE)

Methodology introduced by Fisher [1936] to provide guide-
lines and tools for planning and conducting experiments, as
well as for subsequent analysis of the results with scientific
trustworthiness. They make it possible to analyze the influ-
ence of each factor under study and their combinations up to
the highest order. They are capable of identifying the most
relevant factors, quantifying the impact of the variation of
their levels on the performance metric to be investigated, re-
ducing the impact of background variables. It is also pos-
sible to reduce the number of experiments needed to test a
hypothesis and, at the same time, ensure the reliability of the
results at the cost of neglecting higher-order interactions. Fi-
nally, with the most relevant factors in hand, it is possible to
perform a process to optimize the response of interest [Mont-
gomery, 2017]. Below are some fundamental concepts for
understanding the topic:

* dependent variable or response - variable of a test that
one wishes to analyze;

+ independent variable or factor - element of an exper-
iment that can be modified in order to obtain a change

in the dependent variable;

+ experiment - purposeful and controlled changes in the
values of the independent variables of a system so that
changes in the response can be identified;

+ experimental unit - concrete entity used in the experi-
ment on which some change is made;

* level - categorical, discrete or continuous values that a
factor can assume;

« main effect - change in the response generated by the
change in the level of a factor calculated for the levels
of all other factors;

* interaction - occurs when the change in the dependent
variable, when varying a level of factor, depends on the
levels of other factors;

* randomization - random order of the executions of ex-
perimental units;

* replication: repeat, independently, the execution of
each combination of factors and levels of an experi-
ment.

Factorial designs are used in experiments in which there
are several factors and it is necessary to analyze the impact
of the main effects and their interactions on the response vari-
able. To do this, in a series of experiments, all possible com-
binations of the levels of all factors are tested by measuring
the response found in each situation [Montgomery, 2017].
The 2 factorial design is a specific case of a factorial design.
In this case, for £ factors analyzed, their values are varied
at two levels, with minimum and maximum values defined
by the researcher. Thus, it is necessary to observe the result
of 2% 2% 2% ... x 2 = 2F experimental units multiplied by
the number of replications (usually three). Generalizing the
full 2 factorial design, the canonical regression model can
be represented by Equation 1:
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* y, measured response;

* B, the intercept;

* Bj, Bi2..k, the partial coefficients for the main effects
and interactions;

* x;, the factors that influence the response;

* X19..k, the interaction of the factors analyzed and

* ¢, the random error.

The number of effects for k& factors can be calculated as
follows: there are (lf) main effects, (’2“) interactions between
g) interactions between three factors, and so on.
In general, we have negy = Cr; =
the number of possible effects on the response variable.

A full factorial design can be reduced to a 2¥ P fractional
factorial design. A 2¥—! design requires half the runs of a
full factorial experiment, a 28=2 design requires one-fourth,
a2F~3 design requires one-eighth, and so on. However, there
is the disadvantage of confounding factors, depending on the
design resolution. Confounding occurs when the impact of
main effects cannot be distinguished from higher-order ef-
fects. In this case, when there are confounding factors, it is
not possible to identify their effects separately. The design
resolution describes how these factors are associated:

two factors, (
! .
ﬁ, where ncyy is

* Resolution III: main effects are not confounded with
each other, but can be confounded with second-order ef-
fects. Second-order effects, on the other hand, are con-
founded with each other;

* Resolution IV: main effects are not confounded with
each other, nor with second-order effects. Second-order
effects are still confounded with each other;

* Resolution V: main effects and second-order interac-
tions are not confounded with any other main or second-
order effect. However, second-order effects are con-
founded with third-order effects.

Usually, a fractional factorial experimental design with the
highest possible resolution should be used — subject to lim-
itations on the total execution time of the experiments and
their cost [Rodrigues, 2020].

3.3 Selection of regressor variables

A linear regression model is used to describe the relationship
between independent variables and thus enable the estima-
tion of the output variable [Kutner, 2005]. Not all regres-
sors, or variables, are necessary to compose the model that
describes the output response. Furthermore, one of the ob-
jectives of this research is to highlight which factors have
the greatest impact on the dependent variable. Therefore, it
is important to select the regressor variables that will be in-
corporated into the model [Montgomery and Runger, 2003].

Among the different techniques that can be used, the back-
ward elimination method was chosen for this research. This
method is characterized by initially incorporating all indepen-
dent variables and, step by step, removing one variable at a
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time until the final regression model with the most important
regressors is obtained [Montgomery and Runger, 2003].

3.4 Inselberg’s parallel coordinates

Inselberg [1985] published his seminal paper describing the
technique for representing multiple dimensions on a 2D
plane mapping R™ — R? by means of parallel coordinates:

(-..) a coordinate system for Euclidean N-Dimensional
space RN is constructed. On the plane with xy-
Cartesian coordinates, and starting on the y-axis, N
copies of the real line, labeled x;, xs, ..., x N, are placed
equidistant (one unit apart) and perpendicular to the x-
axis. They are the axes of the parallel coordinate system
and all have the same positive orientation as the y-axis.
A point C with coordinates (ci, ca...., cN ) is represented
by the polygonal line whose N vertices are at (i-1, c¢;) on
the x;-axis for i = 1,...,N. In effect, a 1-1 correspon-
dence between points in R™ and planar polygonal lines
with vertices on x1,Ts, ..., TN is established.

Figure 1 shows a one-to-one correspondence between
points in RY and planar polygonal lines with vertices on the
parallel axes, where the polygonal line C represents the point
C = (c1, c2,c3, €4, C5), that is, in the example, it represents
on 2D a R® space with five dimensions.

\

/ . \
< /

N\

Al

X x X X X

Figure 1. 2D representation of a R® space [Inselberg and Dimsdale, 2009].

Parallel coordinates applications are the most diverse and
involve scientific visualization, including exploratory data
analysis [Wegman, 1990] and visual multidimensional geom-
etry [Inselberg and Dimsdale, 2009]. Regression is a com-
mon task for predicting the values of a dependent variable
with respect to one or more independent variables. One can
use parallel coordinates for visual regression [Wegman and
Luo, 1997] or visualize statistical properties of regression
models, such as exploratory modeling analysis [Unwin et al.,
2003], visual analysis approach for gene expression data [Di-
etzsch et al., 2009], methods to visualize multivariate data
about hurricane trends [Steed et al., 2009], hardware perfor-
mance for big data [Rodrigues et al., 2021], etc. The seminal
theory about parallel coordinates may be found at [Inselberg,
1985] and extensive surveys and applications may be found
at [Inselberg and Dimsdale, 2009; Heinrich and Weiskopf,
2013].
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4 Materials and Methods

This research employed clusters provisioned by the Google
Cloud Dataproc service. Each of the 192 experimental units
is related to the execution of the training and testing phases of
a machine learning algorithm in an individual cluster, which
was destroyed at the end of the collection of the metric of
interest. Each cluster consisted of a master node and three
worker nodes, equipped with 2 vCPUs and 8 GB of RAM.
For storage, the master was provided with 100 GB and each
worker with 200 GB. There was no hardware difference be-
tween the worker nodes. Network latency is a concern. How-
ever, when the nodes are connected to a high-speed internal
network, it is expected that the network 10 delays will be
reduced. The DoE technique assumes that the experimental
error of the model can be minimized by the randomness of
the experimental plan.

We used Apache Spark v. 3.3.0 with Hadoop 3. The exper-
iments were carried out by changing the Spark software con-
figuration parameters when executing a Naive Bayes multi-
classification algorithm on the PT7 Web dataset ' [Rodrigues
et al., 2020]. The original data was organized into 200
.parquet files. Ninety-five files were used, totaling 68.36
GB in their raw state, which, after preprocessing, resulted in
14.88 GB of input data for training and testing the machine
learning model.

Table 2 details the configuration parameters chosen. They
were chosen based on common configurations found in re-
lated works (Section 2) and in the official Spark configura-
tion manuals. The minimum and maximum levels of the re-
spective factors were determined after exploratory trials, ob-
serving the capacity limits of the cluster in question.

The classification task was performed considering seven
classes, corresponding to the country of origin of the Por-
tuguese text on each web page. To this end, the TLD (Top
Level Domain) of the URL was used to separate texts from
Brazil, Portugal, and other countries. The textual content of
the pages was organized into sparse vectors derived from the
processing of the original text, with irrelevant words (stop
words) removed.

We selected the 2” fractional randomized factorial design,
k = 7 factors, resolution V, and three replications. In other
words: a 2:;1 x 3 factorial design = 192 experimental units,
as previously mentioned. The design was chosen due to the
financial limit reserved for the project, while still ensuring
results without confounding main factors with second-order
interactions. With the execution of the experiments, the pro-
cessing time of each job was collected. A linear regression
model was adjusted with the results in hand. Thus, the in-
fluence of each factor was analyzed and, finally, the NIID
premises 2 of the model’s residuals were graphically verified.

! Annotated corpus in Portuguese language composed of samples col-
lected from seven countries: Angola, Brazil, Portugal, Cape Verde, Guinea-
Bissau, Macau, and Mozambique.

2 em NIID(0, o2): The variables of a linear model must be Normal,
Independent and Identically Distributed (NIID) with mean equal to zero and
variance o2; that is, unrelated random variables, approximated by a Normal
distribution, exhibiting independence at all levels for the factors.
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5 Results

Table 3 shows ten results® regarding execution time in sec-
onds for the experimental units of plan 2;‘1 with three repli-
cations*. The first column shows the experimental unit num-
ber, while the second column shows the order in which each
experimental unit was executed (also taking into account its
replications). For example, experiment #1 had three replica-
tions, executed at the 537, 103"% and 159*" positions. Next,
there are the columns of the configuration parameters, and
the column with the results obtained with the execution of
the experiment, considering the value of the three replica-
tions. Finally, there is the column with the average results
for each experiment.

5.1 Model adequacy checking and the Nor-
mality assumption

Table 4 shows the parameters present in the final model ob-
tained by the backward elimination method 3. The cutoff
point for the significance level was 5% and all the variables
in the model were statistically significant, as they presented
p-value < 0.05.

Figures 2a and 2b show the histogram and the quantile-
quantile plot of the residual distribution, respectively. The
graphical analysis shows the Normal distribution format in
the histogram. Furthermore, for the quantile-quantile plot,
there are points far from the line considered outliers, but most
of the points are gathered on the line of the theoretical quan-
tiles, which shows Normality of the residuals.

Figure 3 shows the plots of Residuals versus Fitted Val-
ues (3a) and Studentized Residuals versus Fitted Values (3b).
Here, it is possible to see the distribution of the residuals
close to zero, with no notable patterns, evidence of homo-
geneity.

Finally, Figure 4 shows the residuals equally distributed.
The plot with the regressors z127 shows a difference in dis-
tribution, but still acceptable for use in the model.

That said, based on the graphical analysis, one can assume
the adequacy of the model to the basic assumptions of Nor-
mality, homogeneity of variance and independent distribu-
tion of its residuals.

5.2 Reduced Equation, Relevant Factors and
Interactions

Table 4 shows the coefficients for each parameter estimate.
Positive coefficients indicate an increase in the response,
while negative coefficients indicate a decrease. The relevant
factors, interactions, and their contributions are:

* positive impact of spark.default.parallelism (xg);

* negative impact of  interaction between
spark.shuffle.file.buffer and spark.default.parallelism
(z126);

3 The table with all the results has been summarized to save space.

4 2"7/_ 1 % 3: randomized fractional factorial design, reduced by one-half
with three replications.

5Other techniques may be explored, such as information gain, random
forests, and exhaustive selection.
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Table 2. Spark software configuration parameters (factors).

Parameter Levels Symbol
spark.shuffle.file.buffer 16 KB and 2,000 KB 1
spark.io.compression.lz4.blockSize 16 KB and 2,000 KB T9
spark.sql.files.maxPartitionBytes 16,000 KB and 1,000,000 KB T3
spark.sql.shuffle.partitions 8 and 200 Ty
spark.reducer.maxSizelnFlight 24,000 KB and 96,000 KB Ts5
spark.default. parallelism 2 and 6 T
spark.broadcast.blockSize 16 KB and 4,000 KB T7
Table 3. Randomized 2‘7;1 x 3 fractional factorial design
# Plan z1 (KB) 25 (KB) x3(KB) x4 x5 (KB) a6 X7 ti, ta, t3 (5) t
1 53-103-159 16 - 16 - 16000 ~ 8~ 240007 2~ 40007 (277.16,291.50,283.29) 283.98
2 39-126-139 2000 * 16 ~ 16000 ~ 8~ 24000 2~ 16 -  (265.46,288.82,287.18) 280.49
3 5-74-148 16 - 2000 * 16000 - 8~ 24000° 2~ 16~  (278.18,305.93,285.07) 289.72
4 32-117-143 2000 * 2000 * 16000 ~ 8~ 24000" 2~ 4000 (273.18,291.06,277.19) 280.48
5 24-77-130 16 - 16 - 1000000 * 8~  24000" 2~ 16 =  (279.98,294.08,294.70) 289.59
[...]
60 23-114-134 2000 * 2000 * 16000~ 200" 96000* 67 16~  (266.30,294.22,286.03) 282.18
61  7-87-160 16~ 16~ 1000000 © 200" 96000* 6* 4000* (278.98,308.38,283.05) 290.14
62 31-111-149 2000 * 16~ 1000000 * 200" 96000 67 16~  (280.85,285.83,282.50) 283.06
63  16-76-167 16~ 2000 1000000 200" 96000F 67 16~  (297.51,295.45,286.90) 293.29
64  45-89-188 2000 * 2000 1000000 200° 96000* 6% 4000F (290.37,284.22,275.25) 283.28
Table 4. Parameter estimation.
Variable Parameter estimate  Standard error  t-value p-value
Intercept 286.49148 1.93574 148.00 <.0001
T 1.33830 0.53994 2.48 0.0141
1T —0.00045818 0.00020747 -2.21  0.0284
T1T7 6.625831 % 107 2.835216 * 107 2.34 0.0205
X7 —6.52875 % 1077 2.427972 % 107 -2.69  0.0078
T35 8.21679 x 10~ 2.17448 1071t 3.78 0.0002
T5Te -0.00001706 0.00000527 -3.24  0.0014
* positive impact of interaction between  to the response, that is, an increase in execution time. A
spark.shuffle.file.buffer and spark.broadcast.blockSize  practical interpretation for the positive impact of the first
(x127); order factor spark.default.parallelism (x¢) resides in the
* negative impact of  interaction between  definition of the configuration parameter itself in Spark,
spark.io.compression.lz4.blockSize and  that is: “the default number of partitions in RDDs returned
spark.broadcast.blockSize (zox7); by transformations like join, reduceByKey, and parallelize
* positive impact of interaction between  when not set by the user”. In other words, the processing
spark.sql.files.maxPartitionBytes and  time increases as the number of partitions increases. Aside
spark.reducer.maxSizelnFlight (x3xs); from 1z, only second-order factors (interactions) were
* negative impact of interaction be-  relevant. When interpreting results, the components of
tween spark.reducer.maxSizelnFlight and  interactions have no practical interpretation [Montgomery,
spark.default.parallelism (x5x¢). 2017, p. 411].
From the coefficients in Table 4 it is possible to construct
It can be seen that the parameter

spark.sql.shuffle.partitions (x4) 1s not present in the
model. In other words, considering all experimental vari-
ations and their interactions up to second order without
confounding, the parameter proved to be irrelevant, not
producing a statistically significant contribution, either posi-
tive or negative, against the value variations. Furthermore,
taking into account the specific context (algorithm, data set
and its volume), it can be noted that increasing the degree
of parallelism leads to a worsening of performance, since
an increase in the factor x; results in a positive contribution

a linear model to predict the execution time based on the rel-
evant factors in the form of Equation (2):

t = 286.49 + 1.3383x6 — 4.58 E 4z 26 + 6.63E "z 27
— 6.53E "xowr + 8.22F Mugxs — 1.7T1E Pzsz6  (2)

The model showed statistical significance with p-value =

0.0002 < 0.05, R*> = 0.1320 and adjusted R, ;.q =

0.1038. However, the low R? value indicates insufficient ex-
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Table 5. Model variance analysis.

Variation source DF  Sum of squares Mean Square F Value p-value
Regression 6 3196.80166 532.80028 4.69 0.0002
Error 185 21028 113.6653
Total 191 24225
Table 6. Model analysis
RMSE 10.66140 R? 0.1320

Mean of dependent variable  288.42790 Rﬁdjwted 0.1038

Coefficient of variation

planatory capacity of the model. Other factors that may influ-
ence execution time are probably not included in the model.
Although it does not invalidate the research findings, it sug-
gests the need for in-depth exploration, new approaches with
combinations of other factors, larger volumes of data, and
new minimum and maximum limits for each factor. In ad-
dition, combined techniques such as the adaptive design of
experiments based on Bayesian optimization [Rummukainen
et al., 2024], can offer greater flexibility and adaptability to
complex environments with multiple interacting factors.

5.3 Visualization Tool to Aid Parameters’
Configuration Process

Due to the wide range of parameters’ values, it is difficult to
understand the impact on performance of different parameter
configuration scenarios. As described in Section 3.4, parallel
coordinates can be useful for visualizing multidimensional
data on a two-dimensional plane, especially when there are
many instances in a problem. We use this technique for dy-
namic analysis of the impact on processing time caused by
different values of software parameters between the lower
and higher levels of the experimental design. Taking into ac-
count the levels defined in Table 2, we have the following
possible configuration values © as input for the linear predic-
tor model.

* x1, every 256 KB - 16, 256, 512, ... 2000;

* xo,every 512 KB - 16, 512, 1024, ... 2000;

* x3, every 150000 KB - 16000, 166000, ... 1000000;
* x5, every 12000 KB - 24000, 34000, ... 96000;

* xg,0onebyone-2,3,4,5,and 6;

* x7,every 512 KB - 16, 512, ... 4000.

All the above combinations produce 9 x5 X8 X 7x5x9 =
113,400 different configurations. Parallel coordinates can
be used to isolate certain combinations and visually iden-
tify the impact on the dependent variable. Figure 5 shows
that the time performance is between 285 and 290 seconds
with respect to the configuration [z1,x2, 23, x5, g, T7] =
[1536, 1024, 466000, or 616000, 36000 or 48000 or 60000,
5, 2048].

Similarly, Figure 6 shows how two different input values
for spark.shuffle.file. buffer produce two different impacts on
time performance: 284.09 and 286.67 seconds, respectively.

SIntermediate values were arbitrarily defined by the researchers

3.69638

The configurations were [z1,z2, T3, 25, X, 7] = [512 or
2000, 2000, 166000, 36000, 2, 4000].

Finally, the user may choose a specific time range
and inspect all the possible configurations that produce
that range. In Figure 7, the user asks the paral-
lel coordinate system to exhibit all the parameter val-
ues that produce a processing time lower than 280
seconds.  One can observe that it is impossible to
reach the best performance while spark.default.parallelism
< 5. Important: spark.sql.files.maxPartitionBytes and
spark.reducer maxSizelnFlight need to be set to maximum
and minimum values, respectively.

These results are in accordance with the linear predictor
model defined in Equation 2. All of these examples demon-
strate the power of using parallel coordinates as a tool for
visual linear regression and choosing configuration scenar-
ios.

6 Conclusion

This work sought to identify relevant software configura-
tion factors in the Spark distributed computing framework in
the context of a document classification task with the Naive
Bayes algorithm on the PT7 WEB Corpus. Design of Ex-
periments (DoE) techniques allowed valid conclusions to be
drawn about the relevance of the factors analyzed in the re-
search.

A linear regression model considering the main effects
and second-order interactions was obtained from the results
of the experiments. This model was statistically significant,
with p-value < 0.05, showing how the execution time
varies, indicating the most relevant factors and interactions.
In this context, the research resulted in (i) the identification
of the most relevant parameters (factors) for execution time,
given the context; and (ii) a linear regression model that helps
in understanding the variation in execution time based on the
identified parameters. At last, we developed a visualization
tool to help the user in the decision-making process face the
many values (and its impact on response) between low and
high levels of the tested experimental design.

The fact that the model was able to explain only 13%
of the variation in the response raises evidence that other
non-investigated factors are contributing to the execution
time, pointing to directions for more comprehensive re-
search. Important: when changing the dataset, the volume
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buffer I1z4.blockSize maxPartitionBytes maxSizelnFlight parallelism broadcast.blockSize time
2,000 5 2,000 5 1,000,000 — 64 4,000 —
295 4
800,000 80,000
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1,000 - 14000\—‘:\_._\ 4 2000 ==
—] —
400,000
285 4
500 — 500 o 34 1,000 —
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2

Figure 5. Time performance between 285 and 290 seconds regarding the configurations [x1, x2, 3, 5, x6, x7] = [1536, 1024, 466000, or 616000, 36000
or 48000 or 60000, 5, 2048].

buffer |z4.blockSize maxPartitionBytes maxSizelnFlight parallelism broadcast.blockSize time
2,006 2,006 00 6 8
295
800,000 80,000
1,500 1,500
600,000 — 290 —
1,000 o 1,000 60,000
285\
500 o 500 —
40,000~
| —
280 —

Figure 6. How two different input values for spark.shuffle.file.buffer impact time performance. Configurations: [z1,x2,z3, 5, T, 7] = [512 or 2000,
2000, 166000, 36000, 2, 4000].

buffer |z4.blockSize maxPartitionBytes maxSizelnFlight parallelism broadcast.blockSize time
2,000 - 1,000,000 4606
800,000 8000 -
1,500 (500 —| 5 ,000 —
600,000
1,000 1,000 60,000 4] 2,800 =
00,000 —
- — 3 000 —
500 500 40,000
00,000 —
24

Figure 7. All configurations that result in execution time < 280 seconds.
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of data, the nature of the task 7, or the experimental plat-
form (especially hardware), the relevant parameters may also
change. [Ahmed et al., 2020].

Future work could investigate the combined variation of
software and hardware parameters, including the number
of nodes, the number of cores in each node, the amount of
RAM, among others. It is also pertinent to analyze other de-
pendent variables besides execution time, for example: disk
usage rate, network traffic volume or CPU overhead. There
are also more big data analysis tasks, such as: structured
data, streaming, graph analysis or other machine learning
algorithms, in clusters with greater computing power, with
data volumes on scales greater than those analyzed in this
paper.

Complementary techniques to the screening phase (2" fac-
torial designs) can be employed, such as Central Compos-
ite Design (CCD) and Box-Behnken. Such procedures ex-
tend the screening of relevant factors by adding axial and
central points in the experimental plane in order to detect
a non-linear relationship between the independent variables
and the dependent variable and then apply the response sur-
face methodology to optimize the output of interest [Lenth,
2009; Montgomery, 2017].

Finally, this paper points out paths for research and de-
velopment of software libraries and applications centered on
parallel coordinates as a tool to aid decision-making in the
practical use of predictive linear models obtained through the
Design of Experiments techniques.
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