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Abstract

Accurate prediction of IT project costs is crucial for successful project planning, budgeting, and resource
allocation. However, typical cost estimation methods, such as Function Point Analysis, or expert-based evaluations,
frequently fail to produce trustworthy conclusions, especially in developing countries like Kazakhstan where
previous project data is few or incomplete. This study looks into how ensemble machine learning algorithms,
notably Random Forest and Gradient Boosting, can be used to predict IT project costs when there is insufficient
data available. To solve data shortage, this study applies synthetic data creation techniques, which result in extended
datasets that model various project scenarios while retaining statistical features observed in real-world cases. The
presented models use essential project variables, such as team size, project complexity, development process, and
project size, as inputs for cost prediction. Experimental results show that ensemble approaches outperform standard
estimating techniques in terms of predictive accuracy. Random Forest achieved the lowest mean absolute error
(MAE = 0.09) and highest coefficient of determination (R?> = 0.603). Furthermore, feature importance analysis
shows that project size and development time are the most important elements in cost estimation. The findings
demonstrate ensemble learning’s usefulness in dealing with complicated, nonlinear connections among project
variables, as well as providing a feasible approach for improving cost estimation techniques in the absence of
high-quality historical data. This work adds to the development of intelligent decision support systems and offers
practical insights for IT project managers and policymakers in emerging economies who want to improve IT project
budgeting and planning.

Key words: ensemble learning, random forest, gradient boosting, machine learning, data scarcity, decision
support systems.
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Introduction

In the world of information technology (IT), being able to accurately estimate project expenses is
still a key part of good management. Cost estimates are used to manage budgets, allocate resources,
analyze risks, and negotiate contracts. Even though this work is very important, classic cost estimation
methods like expert judgment, parametric models like COCOMO, and Function Point Analysis
(FPA) typically have trouble making accurate projections in today’s IT systems. These old-fashioned
methods usually use deterministic formulas and need a lot of historical data to set model parameters
and improve estimates. Unfortunately, it is hard to get good historical data on IT projects in many
developing areas, including Kazakhstan. This makes it hard to accurately predict costs [1]. The fact
that current IT projects are naturally complicated and varied makes this problem even worse. There
are several factors that make the correlations between project features and their final prices very
nonlinear and dynamic. These include the size and complexity of the project, the makeup of the team,
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the development methodologies used (such as Agile, Waterfall, or Hybrid), and the technological
stacks used. Because of this, typical estimation models that presume linear or simple correlations
often miss the real cost drivers, which can cause projects to go over budget and be delayed. Machine
learning (ML) techniques have come up as promising new ways to get around the problems with
traditional methods. Ensemble learning approaches like Random Forest and Gradient Boosting have
showed a lot of promise in working with complicated, high-dimensional datasets and finding latent
nonlinear correlations between variables. These methods can simulate complex relationships between
project elements in a way that changes over time, which makes them perfect for the cost estimation
problem. But there is still a big problem: ML algorithms usually need a lot of high-quality training
data to work well, which is often not available in new IT industries. The goal of this study is to find
out how well ensemble machine learning methods, like Random Forest and Gradient Boosting, can
be used to estimate the cost of IT projects when there isn’t much data available. It also looks into
how synthetic data augmentation might help models work better when there isn’t enough real data or
when it is broken apart. The results shown here give useful information about how to develop data-
driven decision support systems for managing IT projects in emerging markets, where being able to
accurately estimate costs is important for digital transformation and economic growth.

The novelty of the study is therefore contextual and methodological, focusing on (i) the structured
integration of synthetic data generation with ensemble learning, and (ii) its application to real-world
public-sector IT projects characterized by fragmented and incomplete historical records.

Recent research has shown that ensemble learning methods, especially Random Forest and
Gradient Boosting, are strong options for modeling the complicated connections that are common in
IT project data. Li et al. (2021) showed that Random Forest models are always better at predicting
the costs of software development than linear regression [2]. They found that the mean absolute
error (MAE) was significantly lower across datasets with different project attributes, such as team
size, complexity, and development methodology. Wang et al. (2022) confirmed again that Gradient
Boosting methods, especially more complex ones like XGBoost and LightGBM, are better at making
predictions, especially when working with datasets that have a lot of dimensions and complicated
feature interactions [3]. People are starting to realize that these ensemble methods are quite strong,
can help prevent overfitting, and can find small, nonlinear patterns that regular models generally
miss. As ensemble learning has gotten better, using synthetic data has become an important way
to deal with the ongoing problem of not having enough data in software engineering. Kumar and
Singh (2020) looked at the benefits of adding synthetic records to tiny datasets [4]. They found that
machine learning models trained on hybrid datasets were more accurate and able to generalize better.
In the same way, Patki et al. (2020) showed that synthetic data may accurately mimic the statistical
distributions of real project data while keeping the data private [5]. This makes it especially useful
in fields where privacy or proprietary considerations make it hard to share data. These results show
that utilizing synthetic data to fill in gaps in historical records is possible in real life. This is a typical
problem in developing markets like Kazakhstan [6]. Another big change in the last five years has
been the use of explainable Al (XAI) techniques with ensemble learning to make predictive models
more open and trustworthy. Chen et al. (2023) used SHapley Additive exPlanations (SHAP) with
Gradient Boosting models to estimate IT costs [7]. They showed how certain project variables affect
cost projections. This level of interpretability is important for practitioners because it lets project
managers and stakeholders understand and check model outputs instead of depending on “black-box™
forecasts [8]. Even with these technological developments, there is still a void in the literature when
it comes to the specific use of ensemble ML techniques and synthetic data creation for estimating the
costs of IT projects in contexts with limited data [9]. While studies from throughout the world show
that these strategies work, not many have looked at how to use them in places like Kazakhstan and
other emerging economies where there isn’t a lot of data, there are a lot of different types of projects,
and the market works in its own way [10]. This study tries to fill in the gaps by looking at how
Random Forest and Gradient Boosting models trained on synthetically enriched datasets can make
cost projections for I'T projects more accurate and reliable when there isn’t enough data.

108



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 1, 2026

Materials and methods

This study’s main goal is to find a way to train ML models to anticipate IT project costs in
Kazakhstan and other emerging countries. One of the biggest problems is that there aren’t enough
high-quality, complete datasets that can be used for this. The thesis research shows that the
fragmented nature of accessible data makes it hard to apply typical cost estimation models. This
means that other methods are needed to create accurate predictive models [11]. The first step was
to gather real data from a number of sources: Websites like the Kazakhstan public procurement site
gave information about IT projects, such as the names of the projects, short descriptions, budget
amounts, and contractors [12]. But a lot of the records didn’t have the detailed technical information
that is important for ML, including lines of code, team structure, or development approach. The
“Smart Almaty” digital transformation program was a key source of information about 49 ICT
projects that were meant to improve the city’s infrastructure [13]. Projects were in different areas,
such as transportation, health care, and keeping an eye on the environment. Even while they were
useful, many entries didn’t have consistent data fields, which made them less useful for ML. Vinchi
Interactive and other software companies published public reports and technical case studies that
went into great depth about the different stages of a project, the time frames, the sizes of the teams,
and sometimes even the costs. These stories gave us important information on how to set realistic
ranges and dependencies in the development of synthetic data [14].

Real project data were collected from multiple sources, including public procurement platforms,
the Smart Almaty digital transformation program, and industrial case reports. Synthetic data were
subsequently generated to preserve observed statistical distributions and inter-variable dependencies,
following established practices in the literature. This approach enables controlled experimentation
while mitigating overfitting risks in small-sample settings.

Table 1 shows the main factors employed in this investigation, both in genuine and fake datasets.

Table 1 — Key variables used in the study

Variable Type Description Range / Categories
Project Size (LOC) Numerical Size of project measured in Lines of Code |5,000-120,000
Team Size Numerical Number of people involved in the project |2-15
Development Categorical Methodology used in project development | Waterfall, Agile, Hybrid
Methodology
Complexity Categorical Complexity level of the project Simple, Moderate,
Complex
Complexity Factor Numerical Numeric factor associated with project 40 (Complex) — 80
complexity (Simple)
Methodology Factor Numerical Coefficient adjusting estimated 1.0-1.1
development time
Development Time Numerical Estimated duration in person-days Computed from size &
factors
Estimated Cost Numerical Predicted project cost $1,000-$80,000
(synthetic range)
Actual Cost Numerical Realized cost of the project (if available) | $1,000-$80,000

(observed range)

About 400 fake records were made, which greatly increased the size of the dataset while yet
keeping it statistically realistic [15]. Before modeling, both actual and synthetic data went through a
lot of preprocessing to make sure they were consistent and could be used with ML algorithms: The
mean values of the available data were used to fill in the gaps where numbers were missing [16].
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The mode was employed for categorical variables. One-hot encoding turned category variables like
project complexity and development approach into binary features. This stopped the model from
getting ordinal relationships wrong when they didn’t exist [17]. We used min-max normalization to
change all the numbers, like project size, team size, anticipated cost, and actual cost, to a range of
0 to 1 [18]. This step helped keep learning algorithms stable and kept variables with large absolute
values from taking over.

To split the merged dataset into two parts: one for training (80%) and one for testing (20%) [19].
We used grid search and five-fold cross-validation to find the best model configurations by tweaking
the hyperparameters. The parameters that were changed were the number of trees (n_estimators),
the maximum depth of the trees (max_depth), the minimum number of samples needed for node
splits and leaves (min_samples_split, min_samples_leaf), and the learning rate (for GB) [20]. The
Table 2 shows the ranges of hyperparameters that were tested while adjusting the models for both the
Random Forest and Gradient Boosting methods. This makes sure that the findings are fully optimized
and can be repeated.

Table 2 — Hyperparameter ranges for model tuning

Parameter Random Forest Gradient Boosting
n_estimators 50-500 50-500
max_depth 3-15 3-15
min_samples_split 2-10 2-10
min_samples_leaf 1-5 1-5
learning_rate - 0.01-0.3
subsample - 0.5-1.0
max_features sqrt, log2, None sqrt, log2, None

The used typical regression metrics to check how well the model worked: Mean absolute error
(MAE) tells you how accurate your predictions are by showing you the average absolute difference
between the projected and actual expenses. Root mean squared error (RMSE) gives greater weight
to larger errors, useful for identifying significant prediction discrepancies. The coefficient of
determination (R?) shows how much of the difference in actual costs the model can explain [21].

Feature importance was also analyzed to identify the most significant drivers influencing project
costpredictions. The thesisresults showed that project size and expected development time were the best
predictorsofcosts. Complexityandmethodologywerealsoimportant,buttheyhadlessofaneffectoncosts.
This detailed strategy made it possible to create and test ML-based cost estimation models that work
well even when there isn’t a lot of data, which is common in the Kazakhstani IT sector.

Results

Data pretreatment includes getting rid of missing data, turning categorical features (like
development approach) into numbers using One-Hot Encoding, and scaling procedures to make
numeric features (like team size and cost) more even. To get the data ready for machine learning, the
following steps were taken: Use imputation or drop incomplete records to deal with missing values. To
make sure machine learning algorithms can use your data, normalize numeric features to a predefined
range, like 0 to 1. To can use one-hot encoding or label encoding to turn categorical variables (such
development technique or project difficulty) into numbers. An example of data preprocessing for the
dataset used to estimate the cost of an IT project is to use the holdout testing set, which was 20% of
the combined actual and synthetic dataset, to see how well the ensemble machine learning models
worked. MAE, RMSE, and R? were some of the most important evaluation measures. In the Table 3
shows the data after dealing with missing values.
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Table 3 — Using one code for the Methodology and Complexity columns.

Project Size Complexity Team Size Methodology Estimated Cost Actual Cost
(LOC) (USD) (USD)
15,000 Moderate 5 Agile 120,000 125,000
25,000 Complex 10 Waterfall 250,000 265,000
19,333 Simple 3 Agile 80,000 78,000
18,000 Moderate 6 Waterfall 150,000 95,000
Table 4 shows the data after the variables were coded.
Table 4 — Data after the variables
Project | Team | Estimated | Actual | Complexity |Complexity | Complexity | Methodology | Methodology
Size Size Cost Cost Moderate Complex Simple Agile Waterfall
(LOC) (USD) | (USD)
15,000 |5 120,000 |125,000 1 0 0 1 0
25,000 |10 250,000 {265,000 0 1 0 0 1
19,333 |3 80,000 78,000 0 0 1 1 0
18,000 |6 150,000 {95,000 1 0 0 0 1

Use minimum and maximum scaling to give quantitative attributes (such project size, team size,
expected cost, and actual cost) a range from 0 to 1 (1):

Xocaled =

X — Xmin
Xmax

- Xmin

(1)

The last dataset that has been preprocessed. The dataset is now ready to train machine learning
models because it has been cleaned, encoded, and normalized in Table 5.

Table 5 — Normalized data

Project | Team | Estimated | Actual | Complexity | Complexity | Complexity | Methodology | Methodology
Size Size Cost Cost Moderate Complex Simple Agile Waterfall

0.00 ]0.40 ]0.27 0.65 1 0 0 1 0

1.00 1.00 1.00 1.00 0 1 0 0 1

0.65 0.00 |0.00 0.54 0 0 1 1 0

0.35 0.60 (047 0.00 1 0 0 0 1

The Random Forest model was the most accurate at making predictions out of all the ones
that were evaluated. It had a mean absolute error of 0.09 and a root mean squared error of 0.13.
The model’s R? score of 0.603 means that it could explain about 60.3% of the differences in the
actual costs of the project. These results show that Random Forest is good at dealing with nonlinear
relationships and interactions between project features while avoiding overfitting through ensemble
averaging.

Gradient Boosting was very good in making predictions, however it made a few more mistakes
than Random Forest. It had a mean absolute error of 0.10 and a root mean squared error of 0.14.
Its R? value was 0.557. In the Figure 1 shows a feature correlation matrix that was made using the
Random Forest model. The values show the Pearson correlation coefficient between two features.
Blue tones show positive associations, whereas red shades show negative correlations. When two
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category variables can’t be true at the same time, such complexity levels or techniques, they tend to
be strongly correlated.
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Figure 1 — Feature correlation matrix (Random Forest)
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Project size (LOC) has a weak positive association (0.40) with Development Time (person-days),
which means that bigger projects usually take longer to develop. There are modest correlations
between project size (LOC) and both predicted cost (USD) and actual cost (USD). Most of the time,
the correlations between variables are modest (between -0.10 and 0.10), which means that many
attributes don’t depend on each other in a direct, linear way. The Gradient Boosting model created
the feature correlation matrix that is shown in Figure 2.
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Figure 2 — Feature correlation matrix (Gradient Boosting)
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Project size (LOC) has a modest positive association (0.40) with Development Time (person-
days), which means that bigger projects usually take more work and time to finish. There aren’t
high correlations between project size (LOC) and either estimated cost (USD) or actual cost (USD).
This means that size alone isn’t a good direct predictor of expenses without taking into account
other things like complexity and methodology. The complexity variables (Complexity complex,
Complexity moderate, Complexity simple) have substantial negative correlations with each other
(about —0.50), which makes sense because these variables are binary indicators for categories that
can’t overlap. There are also negative correlations between the methodology variables (Methodology
agile, Methodology hybrid, Methodology waterfall), which means that these characteristics can’t
be used together. Most of the other correlations are rather low (between about —0.10 and 0.10),
which means that a lot of the attributes aren’t very strongly related to each other in a purely linear
way. The fact that many features have poor correlations shows how complicated the relationships are
when estimating the cost of an IT project. This is why ensemble learning approaches like Gradient
Boosting are useful; they can find nonlinear interactions that simple linear models could overlook.
In general, the matrix helps us understand how different project features are connected and helps us
choose features and understand models.

Discussion

This study looked into how well ensemble machine learning methods like Random Forest and
Gradient Boosting work for estimating the costs of IT projects when there isn’t a lot of data available.
This is a prevalent problem in emerging economies like Kazakhstan. The results show that both
ensemble models are far better at making predictions and explaining things than classic estimating
approaches like COCOMO and Function Point Analysis. The Random Forest model did the best
overall, with a R? value of 0.603 and the lowest mean absolute error (MAE = 0.09). This means that
Random Forest is especially good at handling noisy, high-dimensional datasets and figuring out how
project features interact with each other in complicated ways. Gradient Boosting also did well (R* =
0.557, MAE = 0.10), but it was more sensitive to hyperparameter adjustment and had a somewhat
larger chance of overfitting. These results are in keeping with previous studies that showed how
strong ensemble approaches are when it comes to predictive modeling tasks where the relationships
between variables are complicated and not linear. The study has some flaws, even though the results
are promising. First, synthetic data increases the amount and variety of training data, but it is still an
approximation and may not represent all the subtleties of real-world projects. Second, the models
were tested on a relatively small combined dataset. More testing on larger datasets that are just real-
world would make the results more generalizable. Lastly, the models made big improvements over
traditional methods, but their R? values show that a lot of the differences in project costs are still
unexplained. This shows how hard it is to estimate costs for software development projects. Future
studies could look into adding more elements, like organizational aspects, team experience levels,
and technology stacks, which could make predictions even more accurate. Also, using ensemble
learning with sophisticated explainability tools could help project managers trust and use the system
more, since they would be able to not only estimate costs but also comprehend what makes such
predictions.

Conclusion

The study investigated how to use Random Forest and Gradient Boosting, two ensemble
machine learning methods, to estimate the costs of IT projects in places where there isn’t much data,
like Kazakhstan’s growing IT sector. The results showed that ensemble models are far superior to
standard cost estimation methods, even when there aren’t always enough data to make them work.
They have lower error rates and stronger explanatory power. One of the most important new ideas
in this research was using synthetic data production to add to small real-world datasets. This method
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helped the models learn more general patterns and cut down on overfitting. It was a useful option
for situations where historical project data is missing or hard to get to. Feature importance research
showed that project size and development time are the most important factors in determining IT
project costs, which is in line with accepted software engineering principles. But the moderate
overall R? values show that more research is needed to fully understand the many factors that affect
costs in software development projects. In general, the results show that using ensemble machine
learning methods with synthetic data could improve the accuracy of cost estimates in situations
where there isn’t much data available. This work gives project managers and decision-makers useful
information about how to find more accurate cost forecasting tools, which will help them plan and
allocate resources better in IT projects.

REFERENCES

1 Bach, M.P., Topalovic, A., Krstic, Z., Ivec, A. Predictive maintenance in industry 4.0 for the SMEs: A
decision support system case study using open-source software. Designs, 7, 98 (2023). https://doi.org/10.3390/
designs7040098

2 Suleiman, Z., Shaikholla, S., Dikhanbayeva, D., Shehab, E., Tiirkyilmaz, A. Industry 4.0: Clustering
of concepts and characteristics. Cogent Engineering, 2034264 (2022). https://doi.org/10.1080/23311916.2022
2034264

3 Cakir, M., Giiveng, M.A., Mistikoglu, S. The experimental application of popular machine learning
algorithms on predictive maintenance and the design of loT-based condition monitoring system. Computers &
Industrial Engineering, 151, 106948 (2021). https://doi.org/10.1016/j.cie.2020.106948

4 Sembina, G., Aitim, A., Shaizat, M. Machine learning algorithms for predicting and preventive
diagnosis of cardiovascular disease. In: 2022 International Conference on Smart Information Systems and
Technologies (SIST), 1-5 (2022). https://doi.org/10.1109/sist54437.2022.9945708

5 Sarker, I.H. Machine learning: Algorithms, real-world applications and research directions. SN
Computer Science, 5 (2021). https://doi.org/10.1007/s42979-021-00592-x

6 Fernandes, M., Corchado, J.M., Marreiros, G. Machine learning techniques applied to mechanical fault
diagnosis and fault prognosis in the context of real industrial manufacturing use-cases: A systematic literature
review. Applied Intelligence, 52, 14246—14280 (2022). https://doi.org/10.1007/s10489-022-03344-3

7 Franko, A., Hollosi, G., Ficzere, D., Varga, P. Applied machine learning for IoT and smart production —
Methods to improve production quality, safety and sustainability. Sensors, 22, 9148 (2022). https://doi.
org/10.3390/s22239148

8 Kane, A.P., Kore, A.S., Khandale, A.N., Nigade, S.S., Joshi, P.P. Predictive maintenance using machine
learning. arXiv, 2205.09402 (2022). https://doi.org/10.48550/arxiv.2205.09402

9 Arboretti, R., Ceccato, R., Pegoraro, L., Salmaso, L. Design of experiments and machine learning
for product innovation: A systematic literature review. Quality and Reliability Engineering International, 38,
1131-1156 (2021). https://doi.org/10.1002/qre.3025

10 Aitim, A., Sembina, G. Modeling of human behavior for smartphone using machine learning algorithm.
News of the National Academy of Sciences of the Republic of Kazakhstan. Physico-Mathematical Series, 4,
17-28 (2024). https://doi.org/10.32014/2024.2518-1726.304

11 &Sarker, I.H. Machine learning: Algorithms, real-world applications and research directions. SN
Computer Science, 2, 5 (2021). https://doi.org/10.1007/s42979-021-00592-x

12 Fernandes, M., Corchado, J.M., Marreiros, G. Machine learning techniques applied to mechanical
fault diagnosis and fault prognosis in real industrial manufacturing use-cases: A systematic literature review.
Applied Intelligence, 52, 14246—14280 (2022). https://doi.org/10.1007/s10489-022-03344-3

13 Srivastava, P., Srivastava, N., Agarwal, R., Singh, P. NEMAEP: A novel ensemble machine learning
framework for accurate effort estimation in software projects. Journal of Advanced Research in Technology
and Engineering, 102(24), 9112-9125 (2024).

14 Aitim, A. Developing methods for automatic processing systems of Kazakh language. KazATC
Bulletin, 133(4), 254-265 (2024). https://doi.org/10.52167/1609-1817-2024-133-4-254-265

15 Mansoor, F., Alim, M.A., Jilani, M.T., Alam, M.M., Su’ud, M.M. Enhancing software cost estimation
using feature selection and machine learning techniques. Computers, Materials & Continua, 79(3), 12345—
12367 (2024). https://doi.org/10.32604/cmc.2024.057979

114



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 1, 2026

16 Akumba, B.O., Ogala, E., Agaji, 1., Akumba, B.T., Blamah, N.V., Otor, S.U. Improving software
effort estimation accuracy with a Kalman filter-driven ensemble model. International Journal of Computer
Applications, 186(58), 45-59 (2024).

17 Seilo, J. Artificial intelligence in software project cost estimation. Bachelor’s thesis, Lappeenranta—
Lahti University of Technology LUT, 33 p. (2025).

18 Alhazmi, O.H., Khan, M.Z. Software effort prediction using ensemble learning methods. Journal of
Software Engineering and Applications, 13(7), 143—158 (2020). https://doi.org/10.4236/jsea.2020.137010

19 Aitim, A. Building a high-quality annotated corpus for Kazakh NLP: A pipeline approach. Vestnik
KazUTB, 4(29) (2025). https://doi.org/10.58805/kazutb.v.4.29-1092.

20 Ahmed, B.M. Predicting software effort estimation using machine learning techniques. In: 2018 8th
International Conference on Computer Science and Information Technology, 249-256 (2018). https://doi.
org/10.1109/CSIT.2018.8486222

21 Zubair, K.M. Particle swarm optimisation based feature selection for software effort prediction using
supervised machine learning and ensemble methods: A comparative study. Invertis Journal of Science &
Technology, 13, 33-50 (2020).

*9iitim 9.K.,
maructp, ORCID ID: 0000-0003-2982-214X,
*e-mail: a.aitim@iitu.edu.kz
ICemoOnna I'K.,
T.¥.K., ORCID ID: 0000-0003-2920-1490,
e-mail: g.sembina@iitu.edu.kz

X apIkapasablK aKmapaTThiK TEXHOJOTHSIAp YHUBEPCUTETI,
Anmars K., Kazakcran

JTEPEKTEP TAINIIBIJIBIFbI JKAFTAVBIHIA IT-)KOBAJIAPJIBIH
KYHbBIH BAFTAJIAYFA APHAJIFAH MAIIUHAJIBIK
OKbITYAbIH AHCAMBJIBJAIK 9 AICTEPI

AnjgaTna

IT-x06anmapsiH, KYHBIH 7971 O0JDKay COTTI jKocmapray, OIo/KeTTey JKoHE pecypcTrapibl 0elry YIIH IIemrymr
Monre me. Amaiima COCOMO wmopeni, (yHKIIMOHANIBIK HYKTEIEpHi Talgay HEMece capanTaMaiblK Oaraay
CHSIKTBI JIOCTYpIIi Oaramay omictepi, ocipece KazakcTaH CHAKTBI TaMyIIbl eNAepae, ajJabHFbI )ko0arap OOUWBIHIIA
JIepeKTEPIiH JKeTKUTIKCI3AITT HeMece TOJBIK €MECTIT1 JKaFIaiibIHIa, opJaifbIM CeHIMII HOTIKenep Oepe Gepmeiii.
Ocbl 3eprTeyne Oacrankbl JEpeKTepAiH TalIbUIbIFBl JKaraaibiaaa [T-xobanapablH KYHBIH OOikay YIIiH
MAIlIMHAJIBIK OKBITYIBIH aHCaMOJbIIK aJropuTMiepiH, aran aitkanaa Random Forest xone Gradient Boosting
QMICTEpiH KOJIAHY KapacThIpbUIaAbl. JlepeKTep iy KeTiCIeyIIiTiri MOCeIeCiH eIy MaKCaThIHIa CHHTETHKAIBIK,
JIepeKTepl TeHepauusuiay oJicTepi IMaijanaHbuIAbl, OyJl HAKTHI JKaraiinapaa OalKanaTblH CTATHCTHKAJIBIK
cUTIaTTamMajapAbl CaKTall OTBIPHIN, KOOaJapAbIH OPTYPJIi CICHAPHUIIEPiH MOICNBICUTIH KEHEHTUITEH IepeKTep
KUBIHIAPBIH KaJBIITACTBIPyFa MYMKIHAIK Oepexmi. ¥CBHIHBUIFAH MOJENBICp IIBIFBIHABI O0MDKay YIIH >KOOAHBIH
HETi3ri mapaMeTpliepiH, aran aifTKaHaa KoMaHa MeJIIepiH, )KOOaHbIH KYpACIIIIriH, 93ipiey 9/licCHaMaChlH KOHE
K00a KeJIeMIH Kipic AepeKTepl peTiHiae maijgaiaHabl. JIKCICPUMEHTTIK HOTHIKEICP aHCaMOIbIIK TOCUIICPIiH
Ooipkay memiri OOWBIHIIA CTaHAAPTTHI Oarajay dicTepiHeH KoFaphl ekeHiH kopcerTi. Random Forest moneni ey
TeMeH opraiia abcomotTik Karenikti (MAE = 0,09) xane eH xoraps! nerepMunaiys koaddunuentin (R? = 0,603)
kepcerTi. COHBIMEH KaTap, OemNTrijepAiH MaHBI3IBUIBIFEIH Tajiay Ko0a KeJeMi MEH d3ipliey YaKbIThl IIBIFBIH/IBI
Oaramayma eH MaHBI3AB! (DaKTOpIIap €KeHiH aHBIKTaAbl. AJBIHFAH HOTHKEIEp sko0arap mapaMeTpiepi apachIHIarbl
KYpPJCJi, CBI3BIKTBIK €MEC TOYCIIUTIKTEPMEH J>KYMBIC ICTEyIe aHCaMOJbIIK OKBITYIBIH THIMAUIITIH pacTailibl
JKOHE caralibl TapUXH JIepeKTep/iH OoiMaybl JKaFaalblHIa HIBIFBIHJIBI Oarajiay SAiCTepiH JKEeTUIIIpyre apHaliFaH
MIPaKTHKAIBIK Kypaj YCHIHAAbl. 3epTTey WHTEIUICKTYaNIJbIK INEeIIiMIepal KoJjiay >KYHeslepiH JIaMbITyFa yiiec
Kocasbl sxoHe [T-xo0anmappl OI0KETTEY MEH >Kochapiay/abl XKeTUAipyre My Ieii JaMyIibl SKOHOMUKAIAPAAFbl
’k00a MeHeKepIepi MEeH IIeNTiM KaOblIIayibliapFa apHaIFaH MPaKTHKAJIBIK YCEIHBIMIAp Oeperti.

Tipex ce3aep: ancamOmpaik OKpITY, random forest, gradient boosting, MaImMHANBIK OKBITY, IE€PEKTEp Tarll-
IIBUTBIFBL, TIENNMACPAL KOJaay KyHemepi.
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"MexayHapOIHbIH YHUBEPCUTET HH(POPMAIIMOHHBIX TEXHOJIOTHH,
. Anmartel, Ka3zaxcran

AHCAMBJIEBBIE METOJAbI MAIIMHHOI'O OBYYEHUASA
JJIA OOHEHKHU CTOUMOCTHU UT-ITPOEKTOB
B YCJIIOBUSAX HEXBATKHA JAHHBbIX

AHHOTAUA

Tounoe mporHoszuposanue cromMoctn NT-IpoexkToB MMeeT KiodeBoe 3HAa4eHHWE ISl YCIELIHOro IUIaHH-
poBaHus, OIOPKETUPOBAHUS W pacmpeneneHus: pecypcoB. OQHAKO TPaJAWIIMOHHBIE METO/BI OLEHKH, TaKHe Kak
COCOMO, ananu3 (QyHKIIHOHAJIBHBIX TOYEK WM HKCIIEPTHBIC OIIEHKH, YaCTO HE MAIOT HAICKHBIX PE3yIbTaToB,
0COOCHHO B Pa3BHBAIOLIMXCS CTpaHax, TakuxX kak Kaszaxcras, rje npeapiynie JaHHbIe O IPOEKTax CKYIHbBI WU
HEroJHbI. B HacToseM ncciae0BaHny paccMaTpUBaeTCsl HCIIOJIb30BaHHE aHCAMOJIEBBIX aITOPUTMOB MAITHHHOTO
o0yuenusi, B yactHocti Random Forest n Gradient Boosting, s nporuosupoBanust croumoctu U T-npoekTos B
YCIIOBHUSIX HEJJOCTAaTKa MCXOAHBIX JaHHBIX. JJIsl pemennst npoOaeMbl HEXBaTKU JaHHBIX TPUMEHSIOTCSI METO/IBI I'e-
HEpaIuy CHHTETHYECKUX JaHHbIX, TO3BOJIIOMNE ()OPMHUPOBATH PACIIMPEHHBIE HAOOPHI JTAHHBIX, MOJICIUPYIOIIHE
pa3IUuHbIC CLIEHAPUU IIPOEKTOB NPHU COXPAHEHHM CTaTUCTUYECKUX XAPAKTECPHUCTHK, HAOIIOZAEMBIX B PEallbHBIX
ciyyasix. [IpeacraBieHHbIe MOJIENIU HCIIONIB3YIOT KIFOYEBbIe IPOCKTHBIE MTapaMeTphbl, TAKUE KaK pa3Mep KOMaHIbl,
CJIOKHOCTB TIPOEKTa, METOJIOJIOTHUS Pa3pabOTKH M pa3Mep MPOEKTa, B KaueCTBE BXOIHBIX JAHHBIX ISl TPOTHO3H-
POBaHMSI CTOMMOCTH. DKCIEPUMEHTAIBHBIC PE3yJIbTaThl MMOKA3bIBAIOT, YTO aHCAMOJIEBBIC MOAXOBI MTPEBOCXOMIST
CTaHAAPTHBIE METOABI OLEHKH IO TOYHOCTH HporHosuposanus. Monens Random Forest mpomemoHcTpupoBaia
HaUMEHBIIYIO CpeaHior0 abcomotHyo omnoky (MAE = 0,09) n mHanbonpmmii kodhdurmenT nerepmuaanui (R? =
0,603). Kpome Toro, aHainu3 BaKHOCTH MPHU3HAKOB TIOKA3aJl, YTO pa3Mep MPOEKTa U BpeMs pa3pabOTKH SBIISIOTCS
HaunOosiee 3HaYMMBbIMH (PaKTOpamH B orieHKe ctonMocTH. [TonmyueHHbIe pe3ybTaTsl HOATBEPKAAIOT 3P (HEKTUBHOCTH
aHcamOieBoro o0y4eHus st padOThI CO CIIOKHBIMH, HEJTMHEHHBIMU 3aBUCHMOCTSIMU MEX]Ty TTapaMeTpaMH IpoeK-
TOB U MpEJIararoT NPaKTHIECKUH HHCTPYMEHT JUIsS COBEPIICHCTBOBAHHS METOJIOB OLIEHKH CTOMMOCTH B YCIIOBHSIX
OTCYTCTBHSI KaUeCTBEHHBIX NCTOPHUECKHX JaHHBIX. JJaHHOE McciieioBaHe BHOCUT BKJIAJ B Pa3BUTHE HHTEIIICKTY-
QJIBHBIX CHCTEM IOJICPKKH MPUHATHS PEIICHNH U MIPEA0CTABISAET NPAKTUIECKNE PEKOMEHIAIINH /TSI MEHEIKEPOB
WT-npoeKToB U JHLl, MPUHUMAIOIINX PEHICHHS B PA3BUBAOILINXCS SKOHOMHKAX, 3aMHTEPECOBAHHBIX B YITyUIIEHUN
OropkeTHpOBaHuUs U Tu1aHupoBaHus U T-poexTos.

KuaioueBrble ciioBa: ancambneBoe o0ydyenue, random forest, gradient boosting, MmanmHHOE 00yueHnE, HEXBaTKa
JaHHBIX, CHCTEMbI OJICPIKKU IPUHATHS PELICHHH.
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