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Abstract. Software cost/effort estimation has been a key research topic for over six decades due to its industry
impact. Despite numerous models, regression-based approaches dominate the literature. Challenges include
insufficient datasets with enough data points and arbitrary integration of different source databases. This study
proposes using the Kruskal-Wallis test to validate the integration of distinct source databases, aiming to avoid
mixing unrelated data, increase data points, and enhance estimation models. A case study was conducted with
data from an international company's Mexico office, which provides software development for "Microservices
and APIs." Data from 2020 were analyzed. The estimation model's quality improved significantly. MMRE
decreased by 25.4% (from 78.6% to 53.2%), standard deviation dropped by 97.2% (from 149.7% to 52.5%),
and the Pred (25%) indicator rose by 3.2 percentage points. The number of data points increased, and linear
regression constraints were met. The Kruskal-Wallis test effectively improved the estimation models by
validating database integration.
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Annoramusi. OrneHka 3aTpar/ycwinii Ha IporpaMMHOe OOecCIedeHHE SIBISIETCS KIIIOYEBOM TeMoi
HcclleIoBaHNi OoJiee IIeCTH JNEeCATIIIETHH M3-3a €ro BIMSIHUS Ha OoTpacib. HecMOTpst Ha MHOTOYHCIICHHBIE
MOJIENH, TIOXObI, OCHOBAaHHbBIE Ha PErPECCHH, TOMHHHPYIOT B JuTepaType. [IpobieMsl BKIOYaOT B ceOs
HEJI0CTATOYHbIe HA0OPH! TaHHBIX C JOCTATOYHBIM KOJTMIECTBOM TOUYEK JaHHBIX U POU3BOIEHYIO HHTETPAIHIO
Pa3IIYHBIX UCXOMHBIX 0a3 MaHHBIX. B 3TOM HccnemoBaHWM TperiaraeTcss MCHONb30BaTh TecT Kpyckama-
Yomnuca i IpoBEpKH WHTETPAIMN OTASNBHBIX MCXOJHBIX 0a3 MaHHBIX C IENbI0 M30€XKaTh CMEIIMBAaHHS
HECBSI3aHHBIX JIaHHBIX, YBEJIWYEHWs TOYEK NaHHBIX M YIy4lIeHWs Mojeined oreHKH. Beuio mpoBemeHO
TEMaTHYEeCKOe WCCIIE0OBaHHE C JAHHBIMH W3 Ooduca MeXIyHapOJHOH KOMITAHWM B MEKCHKe, KOTOpBIN
obecrieurBaeT pa3pabOTKy INpOrpaMMHOrO obecrieueHust sl «MukpocepBucoB u  APly.  Beim
npoaHaan3upoBaHbl naHHble 3a 2020 ron. KadectBo Mozenn omeHkH 3HauMTenbHO ymywnmmiock. MMRE
cHu3wmiics Ha 25,4% (c 78,6% mo 53,2%), cranmapTHOE OTKJIOHEHHE CHU3HMIOCH Ha 97,2% (¢ 149,7% no 52,5%),
a mokasaresb Pred (25%) Bbipoc Ha 3,2 MpOLEHTHBIX MyHKTa. KONMHYECTBO TOUCK MaHHBIX YBEIHYMIOCH, U
OblIM cOOJIIO/ICHB! OrpaHudeHus JHelHol perpeccun. Tect Kpyckana-Yommca sddexrusHo ymydmmn
MOJIENN OIIEHKH, TIOATBEPIUB HHTETrPAIHIO 0a3bl TaHHBIX.

KiroueBble cjioBa: Mozenb JIMHEHHONH perpeccuy; OLEHKa IPOrpaMMHOrO 0OECleYeHHs;, OLCHKa 3aTpar;
OLIEHKa CTOMMOCTH; (yHKIMOHANBHBIHN pa3mep; Meronq COSMIC; tect Kpyckana-Yomnuca.

Jas uutuposanus: Bansaec-Coyro @., Banepuano-Accem X. CoBepIieHCTBOBaHUE MOAEIEH OLIEHKH ITyTeM

00beIMHEeHHsI He3aBUCUMBIX KCTOUHHMKOB naHHbIX. Tpynsl UCIT PAH, tom 36, Boim. 6, 2024 r., ctp. 7-18 (Ha
anrmiickoM si3bike). DOI: 10.15514/ISPRAS-2024-36(6)-1.

1. Introduction

Software cost and effort estimation is crucial for planning, budgeting, and project success in software
engineering. Regression-based estimation approaches are common, but the literature highlights
challenges such as small datasets and the arbitrary combination of different source databases without
proper validation. These issues are prevalent in both academia and industry, where small datasets
are more common than expected. Estimation has potential for significant contributions to software
engineering, particularly through leveraging statistical methods. This paper proposes a method for
using established statistical techniques to validate the integration of distinct databases, thereby
improving estimation models by increasing the number of data points. The paper outlines
background information, the proposed procedure for data integration and validation, and the
improvements observed in the estimation model, concluding with a discussion of the findings [1-4].

2. Background

2.1 Parametric Software Estimation

Software estimation, which began in the 1950s, has been crucial to the success of development
projects, influencing budgeting and planning. Over more than 70 years, various techniques and
classifications of estimation methods have been developed. However, many challenges and
unanswered questions remain in software estimation research. A key factor in estimation accuracy
is the measurement of software size [5]. Today, functional size is the only software feature that can
be consistently quantified, emphasizing its importance. Every estimation model is closely tied to the
method used to measure the input variables that produce the estimate.
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2.1.1 Database Conformation for Parametric Estimation

When creating an estimation model, it's crucial to integrate a reference database from past projects.
This database helps identify correlations between variables, with functional size being primary.
However, regression-based models often face replication issues, as noted by various authors [1-4,
6-10]. These models are typically based on previous projects, but if a new project differs
significantly from those in the database, the model's forecasts may be inaccurate. Challenges in
accessing and interpreting data, as well as the limitations of available datasets, further complicate
the process.

One major problem is the insufficient number of data points in datasets, which is critical for
statistical reliability. Carbonera et al. classified datasets based on the number of points: high quality
(more than 15), medium quality (10-15), and low quality (fewer than 10). The central limit theorem
suggests that at least 30 data points are needed for each variable to approximate a normal distribution
effectively.

Collecting 30 similar projects is often difficult, as noted by Morgenshtern et al., who highlight the
cost and time involved in gathering historical data. Furthermore, combining data from different
sources without proper evaluation can compromise its utility.

Organizations like the International Software Benchmarking Standards Group (ISBSG) and the
Mexican Software Metrics Association (AMMS) maintain databases of past projects. The AMMS
dataset, which includes data from real Mexican industry projects, shares similar features with the
ISBSG dataset. Addressing the issue of limited data points may require developing techniques to
integrate distinct databases using statistical methods, thereby improving the reliability of estimation
models.

2.1.2 Estimation Models Performance Comparison

The performance of estimation models is assessed by applying quality criteria to evaluate their
accuracy. Discrepancies between estimated and actual values are measured using criteria like Mean
Magnitude of Relative Error (MMRE), Standard Deviation of MRE (SDMRE), Prediction level
(PRED), Median Magnitude of Relative Error (MdMRE), and Mean Absolute Residual (MAR).
Researchers have analyzed these techniques and identified various concerns regarding their
effectiveness and reliability [10].

2.2 Kruskal-Wallis test

The Kruskal-Wallis [11, 12, 13] test is a nonparametric method used to compare the distributions of
independent groups, serving as an alternative to one-way ANOVA when assumptions of normality
and homogeneity are violated or when data are ordinal. Introduced by William Kruskal and Wilson
Wallis in 1952, it ranks data from all groups and calculates a test statistic H based on these ranks. A
higher H value suggests more evidence against the null hypothesis of no difference among
distributions. H follows a chi-square distribution with k-1 degrees of freedom under the null
hypothesis, where k is the number of groups. The test assesses whether the sample rank distributions
differ significantly, indicating differences in population medians. If H exceeds the critical chi-square
value, it implies significant differences among groups, leading to rejection of the null hypothesis. It
is widely used in experimental and observational studies.

2.3 Outliers identification using Tukey test

The Tukey [12, 13] test, developed by John Tukey, is used to identify outliers in a dataset. It involves
calculating the interquartile range (IQR) by subtracting the first quartile (Q1) from the third quartile
(Q3). A threshold, typically 1.5 times the IQR, is set to flag outliers. Observations falling below Q1
minus the threshold or above Q3 plus the threshold are considered potential outliers. The test is
robust against moderate deviations from normality and is effective for skewed or non-normally
distributed data.
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3. Case study: integrating distinct sources databases

This section presents a summary of a case study carried out at an international company with a
Mexico office, referred to as COMPANY for confidentiality purposes. The office offers software
development services to a financial institution, with data gathered in 2020.

The case study comprises three steps, but this paper will focus only on the final two:

1. Project Identification/Classification and Functional Size Approximation: COMPANY
carried out this step to determine the types of projects that required estimation. They
selected projects from a technological tower labeled “Microservices and APIs”. Using the
integrated information, we applied the EPCU approximation method [14] to measure the
FURs of each project using COSMIC (ISO/IEC 19761).

2. Incorporation of Additional Projects from Other Sources: Since the COMPANY’s
provided projects were insufficient to develop a reliable estimation model, we sought out
similar projects related to Microservices or API development in the ISBSG and AMMS
databases. A total of forty-nine (49) projects were identified: 15 from the ISBSG database
and 34 from the AMMS database.

3. Constructing the Final Estimation Model: To develop the final estimation model, we
utilized the Kruskal-Wallis test to compare the distributions of independent groups and
assess the feasibility of integration. We then followed the steps outlined by Valdés-Souto
et al. in [7-9] to build and refine the estimation model.

The COMPANY and alternative sources (ISBSG, AMMS) are crucial in our project characterization
process. They provide the essential data needed to select projects with similar characteristics,
allowing us to compare size and effort. The effort was measured using COSMIC (ISO/IEC 19761),
which serves as the fundamental metric for our project characterization. In Table 1.a), column 1 lists
the acronym of the source from which the projects were obtained, column 2 shows the number of
projects in the sample, and column 3 indicates the proportion of each group relative to the total
number of projects. All the projects involved microservices or API development. Table 1.b) presents
in column 1 the source acronym, in column 2 the functional size in CFP per group, and in column 3
the proportion of size per group relative to the total functional size in the sample.

Table 1. a) Sample size by source, “Microservices and APIS” projects. b) Total functional size by source.

SOURCE Sample Size %
COMPANY 8 14.0%
ISBSG 15 26.3%
AMMS 34 59.7%
Total 57 100.0%

a)

COSMIC Functional Size
SOURCE (CFP) %
COMPANY 2418.7 11.0%
ISBSG 3873 17.6%
AMMS 15674.6 71.4%
TOTAL 21966.3 100.0%
b)

Based on the tables above, it can be seen that the AMMS database is a major contributor,
representing 71.4% of the total functional size and 59.7% of the total projects. The ISBSG database
is the second largest contributor in terms of project quantity and size, accounting for 26.3% of the
total projects and 17.4% of the total size. Data from the COMPANY had the smallest contribution
in both size and quantity. Due to the central limit theorem, the number of projects from the
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COMPANY is insufficient to create a significant estimation model using only the initially provided
data from the COMPANY.

Originally, the estimation model that could be developed using only the COMPANY's data is shown
in Fig. 1, where the x-axis represents CFP and the y-axis represents effort. Although this model
achieved an R2 of over 77%, the limited amount of data prevents meaningful extrapolation of the
conclusions.

The model with three datasets is shown in Fig. 2. In this case the model presents a R2 of 62% that it
is lower than 77% of the initial model. The main concern is whether the additional dataset has a
different distribution or if its mean significantly varies from the mean of the previous data. If so, the
impact could be significant, and it might not be a good idea to integrate the data.

COMPANY

14000
- °
12000 y=16.449x+80.959
R*=0.7704 ..
10000 -
8000
6000
4000

2000 q

0 100 200 300 400 500 600 700 800

Fig. 1. COMPANY estimation model.

Estimation model, COMPANY, ISBSG, AMMS
datapoints

y=12.599% + 13.848 [ ]
R*=0.6213

0 500 1000 1500 2000 2500
Fig. 2. COMPANY, ISBSG, AMMS estimation model.

The next step was to compare the distributions of independent groups to evaluate whether the
integration was feasible with solid statistical foundations. Specifically, we assessed whether the
distributions of the three databases (COMPANY, ISBSG, AMMS) for the PDR variable (HH/CFP)
are the same or different. This evaluation helps determine whether it is appropriate to combine the
three databases into a single database and build estimation models. Since the project samples come
from different databases, they are considered independent samples in statistics. In this case, there
are three samples. To assess these, we used a nonparametric test called the Kruskal-Wallis test [11],
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[13], which allows us to conclude whether the distributions of the three samples are equal or
different. The null hypothesis (HO) is that there is no significant difference between the distributions
of the COMPANY, ISBSG, and AMMS databases. The alternative hypothesis (H1) is that at least
one of the distributions from the COMPANY, ISBSG, or AMMS databases is significantly different.
The significance level required is 0=0.05. If the test's p-value is greater than or equal to 0.05, then
HO is correct; otherwise, if it is less than 0.05, H1 is correct. The Kruskal-Wallis test was performed
using SPSS® version 25 in Spanish.

Table 2 summarizes the results of the Kruskal-Wallis test for the COMPANY, ISBSG, and AMMS
databases. The p-value is less than 0.05 (LINE 3); therefore, the null hypothesis (HO) is rejected.
Consequently, we conclude that there is a significant difference in at least one of the distributions
of the COMPANY, ISBSG, and AMMS databases, as stated by the alternative hypothesis (H1). To
determine which databases have different distributions, it is necessary to perform pairwise
comparisons using the Kruskal-Wallis test, adjusting the resulting p-values to account for the
number of tests. This adjustment is known as the Bonferroni correction [13]. Table 3 displays the
results for each pair of datasets analyzed. The AMMS — COMPANY pair is the only one with an
adjusted p-value (0.6171) greater than 0.01667 (0.05/3). From this, we conclude that the AMMS
and COMPANY databases have the same distribution, while the ISBSG database has a different
distribution. Therefore, it is only possible to integrate the COMPANY and AMMS datasets to build
the estimation model, resulting in a total of 42 datapoints (COMPANY (8), AMMS (34)).

Table 2. Kruskal-Wallis test results for three datasets.

N 57
Degrees of freedom
(Number of sets -1)
Asymp.sig. (p-value) 0.00001696

Table 3. Kruskal-Wallis test results by couple of datasets.

pomosia.(at) | Agmesi G-l i
ISBSG — AMMS 0.00001578 0.00004735
ISBSG — COMPANY 0.0006197 0.001859
AMMS - COMPANY 0.2057 0.6171

Once the integration validation is performed, we have the final dataset (COMPANY + AMMS) to
develop an estimation model directly. The results are shown in Fig. 3. The generated estimation
model is y = 8.6672x + 1586.9, with a determination coefficient R2 = 0.5388. However, it is
necessary to develop a linear regression model validation and diagnostics. The Normal probability
graph and the Residuals graph were obtained using an Excel add-in to analyze the regression model,
as shown in Fig. 4.

Fig. 4 shows evidence against normality, as the points do not follow the identity line in the normal
probability graph. Additionally, in the residuals graph, the variance of the residuals increases with
the fitted values, showing a systematic pattern and indicating non-constant variance, which means
the data do not exhibit homoscedasticity. To correct the model's assumptions, we applied a
logarithmic transformation to the functional size and effort variables and built a new estimation
model. Refer to Fig. 5, where the x-axis represents Log(CFP) and the y-axis represents Log(effort).
The new estimation model is Log(y) = 0.9326 Log(x) + 2.8916, with a coefficient of determination
R2 = 0.8339. We conducted validation and diagnostics using the transformed data, with results
12
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shown in Fig. 6. The plot of fitted values against residuals indicates constant variance, as the dots
do not display patterns, demonstrating homoscedasticity. Consequently, the estimation model in Fig.
5 meets the statistical principles of normality and homoscedasticity, making the linear regression
model appropriate for this dataset.

Estimation model, COMPANY+ AMMS dataset

25000
° ]
20000 -
. Ty = 8.6672x + 1586.9
15000 o R®=0.5388
[ ]
10000 ® L
b ®
® ®
5000 o ‘.
__‘o‘t ®
o &
0 500 1000 1500 2000 2500
Fig. 3. Initial estimation model AMMS-COMPANY dataset.
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Fig. 4. Graph for validation and diagnostics AMMS-COMPANY dataset.
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Regression model using log transformation
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Fig. 5. Estimation model AMMS-COMPANY dataset using logarithm transformation.

Residuals graph
25 4
2 *
1.5
1 o ¢ . »3
) 05 1 * L 2 * ’
ERR : * — %” * .
% 05 ¢ 1 20.0’ 3 4 5 LA :0 8 9
=4 L ‘ 'Y
_15 -
2 &
-2.5 4 ’
-3 4
Variable X 1
Normal probability graph
12 4
10 4
8 -
R
> 6 -
SRR
, ®
0 T T T T T 1
0 20 40 60 80 100 120
Percentil sample

Fig. 6. Graph for validation and diagnostics AMMS-COMPANY dataset with logarithmic transformation.
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After that, we search for outliers using the Tukey test, finding four (4) outliers as shown in Fig. 7.
After removing the outliers, a new estimation model was obtained, the result is:

Log(y) = 0.9377 Log(x) + 2.8996
with a Determination coefficient R2 = 0.9023. The model uses logarithmic variables. To apply it to
the actual variables, we need to eliminate the logarithmic transformation using the inverse
operation (Euler's number, e), resulting in the final model: y = x0 9377 * g2.89%
Table 4 presents the quality criteria for the developed estimation models. The best model is the last
one, achieved after applying validations and diagnostics, then performing a transformation and
removing the outliers.

Outliers
60.0%

50.0%

40.0%
30.0%
20.0%
10.0%

0.0%
1

Fig. 7. Outliers AMMS-COMPANY dataset with logarithmic transformation.

Table 4. Quality criteria comparison for estimation models.

y = 16.449x + 80.959 y = 8.6672x + 1586.9 Y= X09422% ¢ 30156
R2 =0.7704 R2 = (0.5388
N 8 42 38
MMRE 27.8% 78.6% 53.2%
SDMRE 13.4% 149.7% 52.5%
Pred (25%) 50.0% 31.0% 34.2%
Enough data NO YES YES

4. Analysis

In the case study presented, the COMPANY under study had only eight (8) data points. Two
additional datasets were considered: the ISBSG dataset with fifteen (15) data points and the AMMS
dataset with thirty-four (34) data points.

However, the ISBSG data points were rejected by the Kruskal-Wallis test, resulting in a final dataset
with forty-two (42) data points. After removing outliers, the dataset contained thirty-eight (38) data
points.

The results obtained are related to MMRE that was reduced by 25.4% (from 78.6% to 53.2%), the
standard deviation was reduced by 97.2% (from 149.7% to 52.5%), and the Pred (25%) indicator
increased by 3.2 percentage points. Notably, the number of data points was significantly increased,
from 8 to 38 (475%), bolstering the robustness of our findings.

5. Conclusions

Software cost/effort estimation has been a key research issue for over 60 years, with regression-
based methods being widely used. However, issues have arisen related to dataset conformity,
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including insufficient data points and arbitrary combining of different sources. This study presents
a real case applying statistical methods, specifically the Kruskal-Wallis test, to determine if data
from different sources can be integrated without compromising dataset integrity. The integration,
validated through this analysis, allows for a larger and more significant dataset, improving the
estimation models.

The case study demonstrated that an estimation model generated from validated integrated datasets
outperformed one created from unvalidated sources. This underscores the importance of validation
and diagnostic analysis in integration efforts. The study aimed to establish a formal methodology
for creating reliable estimation models from diverse data sources, addressing a common issue in
both industry and academia. While the proposed approach showed promise, it is crucial to apply
statistical principles correctly; otherwise, the models might be ineffective. The methodology,
developed and applied in the study, represents a significant advance in addressing the problem of
small dataset sizes in software estimation.
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