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Abstract—Context. For more than six decades, software cost/effort estimation has been a relevant topic for
research due to its impact on the industry. Although many estimation models exist, regression-based estima-
tion approaches have been predominantly used in the literature. However, some problems have been observed
both in industry and academia: the lack of datasets with a high or at least enough number of data points and
the arbitrary combination of different source databases belonging to practitioners in order to create larger
datasets.
Objective. Propose the application of the Kruskal–Wallis test to validate the integration of distinct source
databases (independent groups), thereby avoiding the mixing of unrelated data, increasing the number of data
points, and improving the estimation models.
Method. We conducted a case study using real data from an international company, specifically data from
their Mexico office. This office provides software development services for a technological tower identified
as “Microservices and APIs.” The data were collected in 2020.
Results: The quality criteria in the final estimation model were improved. The MMRE 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. Additionally, the number of data points increased signifi-
cantly, and linear regression constraints was accomplished. The application of the Kruskal–Wallis test to val-
idate the integration of distinct source databases (independent groups) proved useful in improving the esti-
mation models.

Keywords: linear regression model, software estimation, effort estimation, cost estimation, functional size,
COSMIC method, Kruskal–Wallis
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1. INTRODUCTION

The importance of software cost/effort estimation
in several areas, such as planning, budgeting, control,
and software project success, has made it a pertinent
topic for industry and study throughout the past few
decades. Estimation performance comparison is one
of the primary subjects in the literature [1], with
regression-based estimation approaches being the
most frequently utilized in research and developed
with different databases [1, 2]. One of the main con-
cerns in the literature [3] is the small quantity of data
points in the datasets. However, small datasets are
more common than expected in the industry. Another
issue observed in the industry is that different source
databases belonging to researchers or practitioners are
often arbitrarily combined without any evaluation to
guarantee their utility.

Estimation, a topic extensively explored in the field
of statistics, holds immense potential for enriching,
aiding, and expediting the advancement of software
engineering. By leveraging current knowledge, we can
pave the way for innovative solutions and improved
practices.

This work specifically proposes a method for using
widely established statistical methods to validate the
integration of distinct source databases. The aim is to
improve estimation models by increasing the number
of data points through database combination.

In the literature reviewed, does not find any
approach to handling this issue formally for software
estimation.

The outline of this paper is as follows. Section 2
provides background information related to software
estimation and database problems and considers the
statistical elements used in the paper. Section 3 pro-
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poses a procedure used in a case study to evaluate data
source integration, including statistical validation, and
demonstrating the improvements generated in the
estimation model. In Section 4, the conclusions are
discussed.

2. BACKGROUND
2.1. Parametric Software Estimation

Software estimation has existed for more than 70
years, first appearing in the 1950s [4]. Several
researchers have looked into it and discovered, among
other things, that it “is central to the success of a devel-
opment project” [5], “is one of the most serious prob-
lems that cause the software projects failure” [4], “is
one of the most crucial activities of software develop-
ment” [6], and “has a crucial impact on budgeting and
project planning in the industry” [3]. The literature on
software estimation encompasses a wide range of tech-
niques developed over the course of more than six
decades, resulting in a variety of estimation methods
[7, 8], numerous classifications of estimation methods
[1, 3, 5, 9–11], and topologies for estimation processes
[12, 13].

Software estimation research has received consid-
erable attention and is important to the industry.
Despite this, many unanswered questions and chal-
lenges with estimation remain [3, 14]. As mentioned
by [4], several authors identify the measurement of
software size as a significant factor in the accuracy of
estimates [15–18]. Nowadays, functional size [19] is
the only software feature that can be agreed upon and,
thus, quantified consistently, which strengthens this
position.

Every estimating model closely connects to the
method used to measure the input variables used to
produce the estimate [9].

2.1.1. Database conformation for parametric esti-
mation. When creating an estimation model, it is nec-
essary to integrate a reference database based on pre-
viously completed projects. This database contains
project data that enables the identification of correla-
tions between several variables (cost drivers), with
functional size being the primary variable. Several
authors have mentioned problems encountered while
creating regression-based models [4, 9, 11, 20–22].

Replication of findings can often be difficult, even
though most of the examined literature uses regres-
sion-based estimating techniques based on reference
databases [1, 2, 23]. It is generally accepted that proj-
ects to be estimated should be represented by previous
projects that adhere to a reference database [1].
According to Kitchenham et al. [24], no cost estimating
methodology–or any other model, for that matter–will
forecast well if asked to estimate effort for projects that
are significantly different from the projects on which
the model was developed. Researchers “have used
databases documented based on the past completed
PROGRAMMING AND COMPUTER SOFTWARE  Vol. 
projects they participated in,” according to Valdés
[25]. Typically, not everyone has access to this infor-
mation; it can be challenging to obtain, or some of its
components may not make sense to all database users
considering they are significantly different from the
projects. Several authors have identified weaknesses in
the datasets from which the estimation models were
created [1, 3, 22, 24].

One of the fundamental and complex problems we
face is the lack of datasets with a high (enough) num-
ber of data points, a fundamental statistical principle.
This was meticulously analyzed by Carbonera et al. [3],
who classified the number of data points in datasets as
high quality (more than 15 points), medium quality
(10 to 15 data points), or low quality (less than 10 data
points), highlighting the challenge of dataset quality
we often encounter.

According to the central limit theorem, under very
general conditions, if Sn is the sum of n independent
random variables with finite mean and variance, then
the distribution function of Sn “approximates well” a
normal distribution. Empirically, at least 30 data points
are considered for each independent variable [26].

Collecting 30 similar projects in the industry
according to specific features is a challenge. Morgen-
shtern et al. [27] mention, “Algorithmic models need
historical data, and many organizations do not have
this information. Additionally, collecting such data
may be both expensive and time-consuming.”
Another problem observed in the industry is that dif-
ferent source databases belong to practitioners or
researchers, yet they are arbitrarily combined without
any evaluation to guarantee their utility.

Additionally, there are organizations with datasets,
such as the International Software Benchmarking
Standards Group (ISBSG, www.isbsg.org), a non-
profit organization that collects data about projects
and centralizes an international database used as a ref-
erence. Also, the Mexican Software Metrics Associa-
tion (AMMS, www.amms.org.mx) has a reference
database integrated through an online survey platform
with real Mexican industry projects. The database
information is related to software projects in Mexico
(already concluded). Given this, it is relevant to define
a technique or mechanism that appropriately uses sta-
tistical methods to allow the integration of distinct
databases, aiming to solve the issue of a few data points
in databases to generate estimation models.

A description of the AMMS dataset is defined in
[22], the features included in the AMMS dataset are
similar to the features collected in the ISBSG dataset,
the ISBSG dataset information could be obtained in
www.isbsg.org.

2.1.2. Estimation models performance comparison.
The literature compares estimation models’ perfor-
mances by focusing on the application of quality crite-
ria to provide confidence in a particular estimation
model. When the estimation models are applied mul-
50  No. 8  2024
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tiple times, the discrepancy between the estimated and
actual values is recorded and evaluated using defined
quality criteria to assess the models’ confidence level.

The most commonly used criteria in the software
estimation literature are:

 Mean magnitude of relative error (MMRE),
 Standard deviation of MRE (SDMRE),
 Prediction level, PRED (x%),
 Median magnitude of relative error (MdMRE),
 Mean absolute residual (MAR) [28].

Some researchers have analyzed these techniques
and have identified some concerns about them [24,
29–34].

2.2. Kruskal–Wallis Test
The Kruskal–Wallis test is a nonparametric statis-

tical method used to compare the distributions of
independent groups [35]. It is an alternative to the
parametric one-way analysis of variance (ANOVA)
when the assumptions of normality and homogeneity
of variances are violated or when the data are mea-
sured on an ordinal scale. Named after William Krus-
kal and Wilson Wallis, who introduced it in 1952 [36],
this test is particularly valuable when the data do not
meet the assumptions ANOVA requires.

The Kruskal–Wallis test operates by rank-ordering
the combined data from all groups, converting the
original data values to ranks. It then computes a test
statistic H based on the ranks, where a higher H value
indicates greater evidence against the null hypothesis
of no difference among group distributions. Under the
null hypothesis, H follows a chi-square distribution
with k – 1 degree of freedom, where k is the number of
groups being compared [35].

This test essentially evaluates whether the distribu-
tions of distinct sample ranks differ significantly, sug-
gesting differences in the population medians. Sup-
pose the calculated H value exceeds the critical value
from the chi-square distribution. In that case, it indi-
cates that at least one group differs significantly from
the others in terms of location, prompting rejection of
the null hypothesis.

The Kruskal-Wallis is commonly used in experi-
mental studies to compare outcomes across multiple
treatment groups or in observational studies to com-
pare outcomes across different populations. It is a
robust method for comparing multiple groups, partic-
ularly when the data violate the assumptions of para-
metric tests or when the data are ordinal in nature.

2.3. Outliers Identification Using Tukey Test
The Tukey test, also known as Tukey’s range test, is

a statistical method commonly used for identifying
outliers in a dataset. Developed by John Tukey [37],
this test provides a systematic way to detect observa-
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PROGRAMMING A
tions that deviate significantly from the rest of the
data.

The procedure involves calculating the interquar-
tile range (IQR), which is the difference between the
third quartile (Q3) and the first quartile (Q1) of the
data distribution. Then, a threshold is established
based on the IQR, typically defined as 1.5 times the
IQR. Observations that fall below Q1 minus the
threshold or above Q3 plus the threshold are f lagged as
potential outliers.

The Tukey test is robust against moderate depar-
tures from normality and is particularly useful for
identifying outliers in skewed or non-normally distrib-
uted datasets. It provides a reliable and straightforward
approach to detecting outliers, helping to ensure the
integrity and validity of statistical analyses [38].

3. CASE STUDY: MERGIN DISTINCT 
SOURCES DATABASES

This section provides a general overview of the case
study conducted at an international company with a
Mexico office (referred to as COMPANY for confi-
dentiality reasons). This office have offer software
development services in a financial institution The
data was collected in 2020.

3.1. Case Study Steps
The case study consists of five steps; however, the

paper will describe only the last two:
1. Projects identification/ classification. The COM-

PANY performed this step to define the type of proj-
ects they needed to estimate. They selected projects
from a technological tower identified as “Microser-
vices and APIs.”

2. Projects information collection. The company
identified information about past projects, including
the functional user requirements (FUR) and the effort
expended on them. However, they collected informa-
tion for only eight (8) projects.

3. Functional size approximation. With the informa-
tion integrated, we use the EPCU approximation
approach [39] to measure the FURs using COSMIC
(ISO/IEC 19761) for each project.

4. Integration of additional projects from other
sources. Since the projects provided by the COM-
PANY were not enough to build a robust estimation
model, we searched for similar projects as provided by
the COMPANY, that means, related to microservices
or API development in the ISBSG database and the
AMMS databases. Forty-nine (49) projects exist in
the databases: 15 from the ISBSG database and 34
from the AMMS database. See Annex 1.

5. Building the final estimation model. To build the
final estimation model, we used the Kruskal–Wallis
test to compare the distributions of independent
groups to evaluate whether the integration was feasi-
ND COMPUTER SOFTWARE  Vol. 50  No. 8  2024
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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)
SOURCE COSMIC Functional Size (CFP) %

COMPANY 2418.7 11.0%
ISBSG 3873 17.6%
AMMS 15674.6 71.4%
TOTAL 21966.3 100.0%

b)

Fig. 1. COMPANY estimation model.
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Fig. 2. COMPANY, ISBSG, AMMS estimation model.
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ble. Then, we followed the steps proposed by Valdés-
Souto et al. in [25, 22] to build and improve the esti-
mation model.

3.2. Projects Characterization
The COMPANY and alternative sources (ISBSG,

AMMS) play a pivotal role in our project characteriza-
tion. They provide the necessary information to select
similar projects in its features that enable us to com-
pare the size and effort required. The effort was gath-
ering using COSMIC (ISO/IEC 19761) and is the
base metric of our project characterization.

Table 1.a shows in column 1 the acronym of the
source to which the projects were obtained, in column 2
the number of projects in the sample, and in column 3
the proportion of each group considering the total
number of projects. All the projects were related to
microservices or APIs development.

Table 1.b shows in column 1 the acronym of the
source to which the projects belong, in column 2 the
functional size in CFP per group, and in column 3 the
proportion of the size per group concerning the total
functional size in the sample.

From the tables above, it is possible to observe that
the AMMS database contributes significantly,
accounting for 71.4% of the total functional size and
59.7% of the total projects. The second major contrib-
utor in quantity of projects and size is the ISBSG data-
base with 26.3% of the total projects and 17.4% of the
total size.

The data from the COMPANY was the minimum
contribution in size and quantity. Because the central
limit theorem, the number of projects it is not enough
to build a significant estimation model using only the
data provided initially by the COMPANY.

Originally, the estimation model that could be built
with only the COMPANY’s data is shown in Fig. 1,
where the “x” axis corresponds to CFP and the “y”
axis corresponds to effort.
PROGRAMMING AND COMPUTER SOFTWARE  Vol. 
Although the model get a R2 over 77%, the number
of data do not allow to extrapolate the conclusions.

Usually, the natural and arbitrary step is to build an
estimation model using the three datasets; 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 con-
cern is if the added dataset has a distinct distribution or
the mean has significant variation of the mean of pre-
50  No. 8  2024
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Table 2. Kruskal–Wallis test results for three datasets

N 57

Degrees of freedom

(Number of sets –1)
2

Asymp.sig. (p-value) 0.00001696

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

Pair
Asymp.sig. 

(p-value)

Asymp.sig. (p-value) 

with Bonferroni 

correction.

ISBSG – AMMS 0.00001578 0.00004735

ISBSG – COMPANY 0.0006197 0.001859

AMMS – COMPANY 0.2057 0.6171

vious data, the impact could be relevant and maybe is
not good idea to integrate the data.

3.3. Feasibility of Integration

The next step was to compare the distributions of
independent groups to evaluate whether the integra-
tion was feasible with solid statistical foundations.
Specifically, we assessed whether the distributions of
the three databases (COMPANY, ISBSG, AMMS) at
the PDR variable (HH/CFP) are the same or differ-
ent. This evaluation allows us to 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 known in statistics as independent samples. In this
case, there are three samples. To assess these, we used
a nonparametric test called the Kruskal–Wallis test
[35, 36], which allows us to conclude whether the dis-
tributions of the three samples are equal or different.

The null hypothesis (H0) is that no significant dif-
ference exists between the COMPANY, ISBSG, and
AMMS database distributions. The alternative
hypothesis (H1) is: At least one distribution of the
COMPANY, ISBSG, or AMMS databases is signifi-
cantly different.

The significance level required is at least α = 0.05.
If the test’s p-value is greater than or equal to 0.05, the
hypothesis H0 is correct; otherwise, if it is less than
0.05, the alternative hypothesis H1 is correct. The
Kruskal-Wallis test was executed using the statistical
software SPSS® version 25 in Spanish.

Table 2 summarizes the results of the Kruskal-Wal-
lis test for the COMPANY, ISBSG, and AMMS data-
PROGRAMMING A

Fig. 3. Initial estimation model AMMS-COMPANY data-
set.
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bases. The p-value is less than 0.05 (LINE 3); there-
fore, the null hypothesis (H0) is rejected. Conse-
quently, 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).

Consequently, to determine which databases have
different distributions, it is necessary to perform pair-
wise comparisons using the Kruskal–Wallis test,
adjusting the resulting p-value to account for the num-
ber of tests. This correction is known as the Bonferroni
correction [40]. Table 3 shows 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 dis-
tribution, while the ISBSG database has a different
distribution. Consequently, it is only possible to inte-
grate the COMPANY and AMMS datasets to build the
estimation model with 42 datapoints (COMPANY
(8), AMMS (34)).

3.4. Building the Estimation Model

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.

For comparison purposes, the estimation model
using only the COMPANY data points is y = 16.449x +

80.959, with a determination coefficient R2 = 0.7704,
but the number of data points is not sufficient.

However, it is needed to develop a linear regression
model validation and diagnostics [22].

The normal probability graph and the residuals
graph were obtained using Excel complement to ana-
lyze the regression model.

Figure 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 as the fitted val-
ues increase, showing a systematic pattern and indi-
cating non-constant variance, which means the data
do not exhibit homoscedasticity. In conclusion, the
ND COMPUTER SOFTWARE  Vol. 50  No. 8  2024
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Table 4. Quality criteria comparison for estimation models

y = 16.449x + 80.959

R2 = 0.7704

y = 8.6672x + 1586.9

R2 = 0.5388
y = x0.9422 ⋅ e3.0156

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
regression model is not appropriate for this dataset
and needs improvement.

Looking for transformation to correct the assump-
tions of the model, we used the logarithm for the func-
tional size, effort variables and build a new estimation
model. See Fig. 5, where the x axis corresponds to
Log(CFP) and the y axis correspond to Log(effort).
The estimation model generated is Log(y) = 0.9326
Log(x) + 2.8916, with a determination coefficient

R2 = 0.8339.

We conducted validation and diagnostics using the
transformed data, with the results shown in Fig. 6.
The plot of fitted values against the residuals shows
constant variance, as the dots do not display patterns,
indicating homoscedasticity. Additionally, most dots
follow the identity line pattern, representing normal-
ity. Consequently, the estimation model shown in
Fig. 5 is useful because the dataset have enough data
points and the statistical principles of normality and
PROGRAMMING AND COMPUTER SOFTWARE  Vol. 

Fig. 4. Graph for validation and diagnostics AMMS-
COMPANY dataset.
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homoscedasticity are accomplished, then utilizing a
linear regression model with this data set is correct.

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 Determi-

nation coefficient R2 = 0.9023. The model uses loga-
rithmic 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 ⋅ e2.8996.

Table 4 presents the quality criteria for the devel-
oped estimation models. The best model is the last
one, achieved after applying validations and diagnos-
tics, then performing a transformation and removing
the outliers.

All the quality criteria were improved, and the
model triumphantly satisfied the conditions of having
enough data points and the statistical principles of
normality and homoscedasticity to use linear regres-
sion.

4. ANALISYS

In the case study presented, the COMPANY under
study had only eight (8) data points. Two additional
datasets were considered: the ISBSG dataset with fif-
teen (15) data points and the AMMS dataset with
thirty-four (34) data points.
50  No. 8  2024

Fig. 5. Estimation model AMMS-COMPANY dataset
using logarithm transformation.
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Table 5

Project 

Number
BASE ID

Functional 

Size 

COSMIC 

(CFP)

Total 

Effort 

(HH)

PDR

[HH/

CFP]

Project 

Number
BASE ID

Functional 

Size 

COSMIC 

(CFP)

Total 

Effort 

(HH)

PDR

[HH/

CFP]

1 COMPANY 1 374.2 5040 13.47 31 AMMS 8 806.2 22743 28.21

2 COMPANY 2 193.1 2440 12.64 32 AMMS 9 10.4 394 37.88

3 COMPANY 3 195 6928 35.53 33 AMMS 10 26.9 1193.8 44.38

4 COMPANY 4 352.3 4368 12.40 34 AMMS 11 10.8 260 24.07

5 COMPANY 5 718 13048 18.17 35 AMMS 12 50.8 1034 20.35

6 COMPANY 6 277 3400 12.27 36 AMMS 13 8.1 148 18.27

7 COMPANY 7 84.6 1848 21.84 37 AMMS 14 7.7 16 2.08

8 COMPANY 8 224.5 3360 14.97 38 AMMS 15 28.4 40 1.41

9 ISBSG 1 46 20 0.43 39 AMMS 16 7.7 48 6.23

10 ISBSG 2 114 429 3.76 40 AMMS 17 665.3 4414 6.63

11 ISBSG 3 97 20 0.21 41 AMMS 18 2085.5 8400 4.03

12 ISBSG 4 177 694 3.92 42 AMMS 19 9.5 79 8.32

13 ISBSG 5 80 355 4.44 43 AMMS 20 1479.9 11354 7.67

14 ISBSG 6 118 489 4.14 44 AMMS 21 636.8 6182 9.71

15 ISBSG 7 57 20 0.35 45 AMMS 22 1010.6 6882 6.81

16 ISBSG 8 155 491 3.17 46 AMMS 23 84 1192 14.19

17 ISBSG 9 135 600 4.44 47 AMMS 24 684.6 3416 4.99

18 ISBSG 10 209 606 2.90 48 AMMS 25 345.9 3733 10.79

19 ISBSG 11 223 509 2.28 49 AMMS 26 183.6 2682 14.61

20 ISBSG 12 157 899 5.73 50 AMMS 27 8.8 96 10.91

21 ISBSG 13 2003 47493 23.71 51 AMMS 28 2.9 408 140.69

22 ISBSG 14 142 669 4.71 52 AMMS 29 14.6 184 12.60

23 ISBSG 15 160 784 4.90 53 AMMS 30 11.8 120 10.17

24 AMMS 1 464.8 9656.4 20.78 54 AMMS 31 611.9 5568 9.10

25 AMMS 2 1154.1 10563 9.15 55 AMMS 32 484 3919.1 8.10

26 AMMS 3 1864.1 23358 12.53 56 AMMS 33 353.7 2865 8.10

27 AMMS 4 507.5 12111 23.86 57 AMMS 34 262 3776 14.41

28 AMMS 5 463.2 12264 26.48

29 AMMS 6 513.2 7373 14.37

30 AMMS 7 815.7 16566 20.31
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 outli-

ers, 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%), bol-

stering the robustness of our findings.
PROGRAMMING A
5. CONCLUSIONS

Because of its influence on the industry, software
cost/effort estimate has been a pertinent research issue
for over 60 years, with regression-based estimation meth-
odologies being the most widely used. Nonetheless, sev-
eral issues have been noted in academia and industry,
particularly with regard to conforming datasets:

 The lack of datasets with a high (enough) number
of data points (a fundamental statistical principle)

 Different source databases belonging to practi-
tioners are often arbitrarily combined to create a larger
dataset.

•

•

ND COMPUTER SOFTWARE  Vol. 50  No. 8  2024



MERGING DISTINCT SOURCES DATABASES 793

Fig. 6. Graph for validation and diagnostics AMMS-
COMPANY dataset with logarithmic transformation.
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Fig. 7. Outliers AMMS-COMPANY dataset with logarith-
mic transformation
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This work presents a real case study, applying the
necessary statistical formalisms to decide whether or
not to integrate information from distinct sources
databases (independent groups) using the Kruskal-
Wallis test to validate the integration, aiming to merge
those without differences among group distributions
and avoid mixing incompatible data.

This proposal allows the integration of distinct data
sources through validation analysis, increasing the
number of data points to obtain a significant dataset
and improve the generated estimation models.

As demonstrated by the case study with real indus-
try datasets, the generated estimation model was supe-
rior to the original (using three datasets without anal-
ysis), confirming that integration without validation
and diagnostics is suboptimal. It is essential to men-
tion that the scope of this work was to establish the
foundations of a formal methodology for generating
reliable and useful estimation models based on distinct
data sources, addressing a common problem in orga-
nizational practice. However, a lack of correct statisti-
cal principles, for example if regression techniques are
not applied correctly, it is possible to generate also val-
ueless estimation models. The proposed approach was
used in conjunction with statistical principles in the
case study presented and developed previously [22].

Finally, this work addresses a frequent problem in
industry and academia and establishes the founda-
tions of a novel formal methodology imported from
the statistics area and applied in the software estima-
tion discipline, the literature reviewed does not find
PROGRAMMING AND COMPUTER SOFTWARE  Vol. 
any approach applied to software estimation to solve
the small size of datasets. This methodology is
designed to generate reliable and useful estimation
models from distinct data sources, marking a signifi-
cant contribution to the field.

APPENDIX 1
Data from three data sources. 
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