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DEVELOPMENT OF AN APPROACH
FOR PREDICTING THE COST OF
DAMAGED INFRASTRUCTURE
RECOVERY WITH MICROSERVICE
IMPLEMENTATION

The object of the research is the process of preliminary cost assessment for restoring infrastructure objects damaged as a result of
the war in Ukraine. The subject of the research is an information-analytical system that enables partial automation of this process.

Problem addressed is the lack of tools for forecasting reconstruction costs, since existing solutions are limited to recording destruc-
tion, visualization, and reporting.

In the course of the study, an approach was developed for predicting the cost of restoring damaged infrastructure objects based on
machine learning models (Linear Regression, Random Forest, XGBoost). The proposed approach enables the automatic estimation
of the expected restoration cost based on object characteristics. These estimates can serve as a basis for further analyses, including the
detection of abnormal expenses and potential misuse. Experimental calculations on open data demonstrated that the use of modern
ML models for processing structured data on objects makes it possible to estimate the restoration cost with an error margin of 15-20%.
For practical use, the approach has been implemented as a standalone Python microservice, which ensures flexibility and scalability,
and has been integrated into the existing information-analytical system (Laravel, Vue.js).

The developed solution can be used by national and municipal authorities to monitor infrastructure recovery. However, it is im-
portant to note that the models were pre-trained on open datasets of damaged objects valued from 20 million to over 90 million UAH,
which include information such as object type, area, region, and other attributes. Therefore, successful application requires similarly
structured and reliable data. Under these conditions, the microservice can enhance transparency in planning and improve the efficiency
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of reconstruction management.
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1. Introduction

The full-scale war in Ukraine started by the Russian Federation has
caused massive destruction of critical, civilian, industrial, and social
infrastructure, as well as housing and cultural heritage. The restoration
of such assets requires effective management of substantial financial
flows, including budgetary and donor funds. This, in turn, demands
accurate forecasting of financing needs and a well-justified allocation
of resources.

In this context, the issues of reconstruction, as well as the record-
ing and monitoring of damage, have become the focus of significant
attention in recent scientific research. For example, one study provides
a detailed analysis of the mathematical support for projects to restore
historical monuments, but it does not address financial forecasting [1].
The authors of [2] describe the use of GIS technologies for damage
mapping. Paper [3] examines approaches to risk management and in-
vestment attraction. The international project "Russia Will Pay" [4],
which collects, evaluates, and analyzes information on Ukraine’s mate-
rial losses from the war, should also be noted. However, at present only
aggregated statistics are available, and the assessment methodology
is descriptive, based on analogies from other countries. The authors

of [5] propose damage assessment using satellite and field data, which
is convenient when direct access to sites is limited.

At the same time, modern strategic reconstruction documents set
out principles and criteria in line with international requirements (IFIs,
ESG), but they lack applied procedures for cost forecasting at the level
of individual objects [6]. Methodological approaches in humanitarian
planning (HNRP, JIAF 2.0) are aimed at assessing population needs and
the severity of impacts, but not at calculating monetary expenditures for
specific infrastructure objects [7]. Budgetary studies point to a severe
public finance deficit and dependence on external aid, which increases
the relevance of tools for preliminary cost estimation [8]. Applied tech-
nical works demonstrate the feasibility of using ensemble machine
learning models ( gradient boosting, Random Forest) for construction-
technical assessments, but not for forecasting restoration costs in mon-
etary terms [9]. In addition, local comprehensive recovery programs
of territorial communities contain large volumes of structured data on
infrastructure objects, degrees of damage, and planned measures. How-
ever, they are mainly used for descriptive planning without automated
algorithmic cost forecasting [10].

Thus, most existing solutions are limited to collecting and geo-
spatially visualizing the consequences of destruction and generating
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reports, without developing predictive models for estimating the cost
of restoring damaged facilities. Despite the rapid development of digital
tools for recording and analyzing losses, the task of creating integrated
solutions that can automatically forecast the expected cost of restora-
tion based on object characteristics (type, area, degree of damage, etc.)
remains unresolved. The lack of such tools restricts the ability to make
prompt, well-founded financial decisions. Furthermore, the approach
to detecting potentially inflated estimates at early stages of reviewing
reconstruction applications remains insufficiently studied, although it
could significantly strengthen transparency and control mechanisms in
resource allocation for recovery. Considering the above, there is a need to
expand the functionality of the previously developed information-analyt-
ical system for recording destruction caused by Russian aggression [11].

The aim of research is to develop an approach for forecasting the
cost of restoring infrastructure facilities and to implement it in practice
as a microservice integrated into the existing information-analytical
system. This will make it possible to automate preliminary cost estima-
tion and enhance the soundness of financial decision-making in the
planning and monitoring of reconstruction.

To achieve this aim, the following objectives were undertaken:

- gathering a dataset from open sources and training forecasting

models (Linear Regression, Random Forest Regressor, XGBoost

Regressor);

- conducting experimental calculations and assessing the accuracy

of the models;

- developing a standalone microservice based on Python and

REST API;

- integrating the microservice into the existing information-ana-

lytical system for automated cost estimation.

2. Materials and Methods

The object of research is the process of preliminary estimation of
the restoration cost of infrastructure facilities damaged as a result of
the war in Ukraine. In the course of this research, the functionality of
the existing information-analytical system was expanded through the
development of a microservice for forecasting the cost of restoring
damaged objects. The system itself serves as a decision-support tool,
accumulating data on damaged objects and providing their visualiza-
tion and multidimensional analysis through an interactive map and
OLAP technologies.

The following methods were applied in the study:
— architectural design methods - used to build a hybrid architec-
ture of the information-analytical system. This approach combines
the advantages of three-tier architecture (frontend, backend, da-
tabase) with a microservice organization of individual functional
blocks. It enabled high scalability, technological flexibility, and isola-
tion of individual components;

- machine learning methods — applied during the development

of the microservice for forecasting the expected cost of restoration.

The models were trained on a structured dataset of damaged ob-

jects, enabling automated cost estimation. The resulting estimates

may further be used to identify potentially inflated amounts in fi-
nancial reports.

To ensure operational flexibility and meet the requirements for
system scalability, it was implemented as a web application based on
a hybrid architecture. This approach made it possible to combine the
advantages of the classical three-tier structure with the possibilities of the
microservice approach for implementing individual functional blocks.
The three-tier architecture prescribes dividing the system into three
logical levels: the client interface (frontend), the server logic (backend),
and the data storage layer (databases). The client part was developed
as a SPA (Single Page Application) using the Vue.js framework, which
ensures dynamic user interaction with the data, in particular with the

interactive damage map. The server part was implemented on the
PHP framework Laravel, which functions as an API gateway, handling
authorization, request routing, business logic processing, and generat-
ing responses in JSON format.

The structure of the developed information-analytical system [11]
is presented in Fig. 1.
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Fig. 1. System structure

The main part of the system, implemented according to client-
server architecture, functionally consists of the following modules:
- Damage Map - enables the visualization of data on damaged
infrastructure and cultural heritage objects through an interactive
map. It supports three levels of detail, ranging from an overview by
regions to more granular views by districts and communities. The
degree of damage is displayed using color gradations, allowing for

a quick assessment of losses in specific areas;

— Analytics Module — provides the ability to generate graphical re-

ports on restoration costs and the number of damaged objects. The

data can be filtered by time periods, regions, and object types (resi-
dential and non-residential);

- OLAP Cube - implements multidimensional data analysis across

such dimensions as time, category and object type, geography, and

damage level. The primary metrics include the number of damaged
assets and the cost of their restoration;

—  Damage Information — ensures recordkeeping of reports on dam-

aged objects. It allows viewing, adding, editing, deleting, and ex-

porting information on destruction. To facilitate working with large
datasets, functions for sorting by type of damage, cost, and other
parameters have also been implemented.

An additional step in extending the functionality of the informa-
tion-analytical system is the development and integration of a microser-
vice for estimating and forecasting infrastructure restoration costs.

The forecasting task belongs to the regression type of machine
learning problems [12, 13]. Its essence lies in creating a model that,
based on a set of numerical and categorical features describing the
characteristics of a damaged property, predicts the expected restora-
tion cost. The target parameter is a numerical estimate of this cost,
denoted as V.

To build the forecast, a set of independent variables x, x5, ..., x,, was
formed, which potentially influence the value of V. This set included
both numerical and categorical features that reflect the physical char-
acteristics of the object, the conditions of its location, and the context
of the inflicted damage. In particular:

- x; - object area (in m*): a numerical feature that directly affects

the cost of materials and work;

- x; - number of floors: a numerical feature accounting for the

structural complexity of the object;

;34
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- x3 - building type: a categorical feature indicating the functional
type of the object (e. g., private house, apartment building, etc.);
- x4 — degree of damage: a categorical feature encoded as "minor’,
"average’, or 'severe’;

x5 — geographical location: a categorical feature that considers
the administrative region or settlement, which may also influence
the cost of work and logistics;
- Xe - type of repair: a categorical variable with possible values
such as "current’, "capital’, or ‘complete reconstruction’.
Thus, the model can be represented as a function

Vo= fx,,5,,%,,%,,05,X, )+ €, (1)

where & denotes the random error term.

In practice, the obtained value V can be used as an indicative es-
timate for detecting possible overstatements in the reported restora-
tion costs. When applying this approach, the predicted value V'may be
compared with the actual amount specified in reports or contracts (S).
If S significantly exceeds V (S > V), the system classifies the object as
requiring additional analytical or expert verification.

Considering the computational complexity and the specifics of the
regression forecasting task, it was decided to move the forecasting func-
tionality into a separate microservice. The main reason for this architec-
tural decision was the need to use the Python programming language,
which is the de facto standard in the field of machine learning due to
its wide range of specialized libraries such as scikit-learn, XGBoost,
Pandas, NumPy, and others. Unlike PHP, on which the main part of the
system (Laravel) is built, Python enables the effective implementation,
testing, and improvement of ML models, including the processing of
large volumes of numerical and categorical data, model training, and
prediction building [14].

A separate Python microservice, which uses a pre-trained machine
learning model, is integrated with the main application via a REST
API [15]. The Python service receives a structured JSON as input with
the parameters of the object (area, building type, degree of damage,
region, etc.) and returns a numerical estimate of the expected restora-
tion cost (V) in response.

Such architecture ensures clear separation of tasks within the sys-
tem and allows for technological isolation: the main PHP application is
responsible for business logic, authorization, request handling, and data
storage, while the Python service focuses exclusively on restoration cost
forecasting. This ensures scalability, flexibility in updating the model,
simplified deployment, and independent administration [16].

Since the accuracy of the forecast directly depends on the quality
of the input data, the microservice also includes an automated data
validation module. This module performs preliminary validation of the
incoming JSON, including checks for required features, acceptability of
values, compliance of categorical parameters with predefined lists, and
detection of anomalous or logically inconsistent records (for example,
area = 0 for a capital repair). If critical errors are detected, further pro-
cessing of the request is stopped, and the user receives a corresponding
notification. This prevents forecasts from being generated on the basis
of poor-quality or incomplete data, which is a necessary condition for
maintaining model accuracy.

To address the task of forecasting expected costs for restoring dam-
aged infrastructure, several regression models were considered, dif-
fering in complexity, accuracy, and requirements for data volume and
quality. Comparing their results made it possible to determine which
model best suited the available dataset, while ensuring an acceptable
level of accuracy, stability, and interpretability.

Three models were selected for analysis:

- Linear Regression - as the baseline linear model, which makes it

possible to assess the overall structure of dependencies between the

features and the target variable.

Analytically, the model is described by the equation
V=PB+ Bx+&, (2)
i=1

where Vis the predicted value; x; are the input features; f3; are the coef-
ficients indicating how strongly each feature influences the outcome;
Pois the intercept term; & is the random error.
- Random Forest Regressor — as a classical ensemble model capable
of detecting complex dependencies without being overly sensitive
to noise [17].
The analytical form of the model is as follows

M

1
V:M; f(x), ®)

where f;(x) - the prediction of the i-th tree for the feature vector x;
M - the total number of trees.
- XGBoost Regressor — as a modern high-performance solution that
has established itself as one of the best for tabular data tasks [18].
The analytical form of the model is presented below

t

V=2 i(x) fi(x)eF. )

k=1

where ¢ - the number of trees that are gradually added; fi(x) - the new
tree trained on the errors of the previous ones; F is the set of deci-
sion trees.

At each step t, the model minimizes the loss function with a regu-
larization term

£ =S 1)) (1), ®

where [ - the loss function (e. g., mean squared error), and € - the
regularization term that prevents overfitting.

The choice of these particular models was driven by the intention
to cover a wide spectrum of approaches — from simple statistical ones
to powerful ensemble methods. This made it possible to compare their
effectiveness and determine the optimal solution, taking into account
the specifics of the project, the volume of available data, and the re-
quirements for forecast accuracy.

3. Results and Discussion

After selecting the models, the next stage was their practical train-
ing on real data. This not only made it possible to evaluate their ef-
fectiveness in the context of the defined task, but also to identify which
model best adapts to the specifics of the input parameters and the avail-
ability of data.

For the training, tabular data were collected on real estate objects
that had been damaged. These included both direct characteristics of
the objects and additional analytical information, such as geographi-
cal location, degree of damage, and building type. When forming the
training dataset, information was used from the state service Prozorro,
which provides open data on public procurement related to building
repairs and reconstruction. This allowed to obtain actual values of
repair costs based on official contracts, thereby improving the quality
and reliability of the training dataset.

After collecting the information, a data preprocessing stage was
carried out, during which all categorical features were converted into
numerical ones. For the Linear Regression model, ordinal encoding
was applied, in which each category was assigned a unique numerical
rank (1,2, 3, etc.). This approach makes it possible to take into account

TECHNOLOGY AUDIT AND PRODUCTION RESERVES — No. 5/2(85), 2025

35—)



INFORMATION AND CONTROL SYSTEMS:
SYSTEMS AND CONTROL PROCESSES

—

ISSN-L 2664-9969; E-ISSN 2706-5448

the potential gradation of values and preserve the interpretability of the
coeflicients. In the case of Random Forest and XGBoost, the one-hot en-
coding method was used, since these ensemble algorithms work better
with binary-encoded features. However, for some features (specifically
x4 — degree of damage, and x¢ — type of repair), there exists an inherent
order or gradation that is not captured by one-hot encoding. This can
lead to a loss of information about relative differences between catego-
ries and, accordingly, reduce model accuracy. In the further develop-
ment of this research, it would be worth considering representing such
features as fuzzy sets using fuzzification methods, which would allow
for a more accurate formalization of gradual transitions between states
and potentially improve forecasting accuracy.

To ensure an objective evaluation of model accuracy and to test its
ability to generalize, the entire dataset was split into training and test
sets in an 80:20 ratio. To guarantee reproducibility of the results, the
parameter random_state = 42 was fixed.

For model accuracy assessment, the MAE (Mean Absolute Error)
metric was selected. This indicator shows the average difference be-
tween the actual and predicted restoration cost values, expressed in
the same units as the target variable (e. g., hryvnias or dollars). Unlike
other metrics such as RMSE or R%, MAE is easily interpretable in an
applied context: it indicates by how many units (on average) the model
deviates when estimating the cost of a single object. The lower the MAE
value, the more accurate the model is considered to be. The comparison
between models will therefore be based on this criterion: the model
with the lowest MAE will be recognized as best aligned with the real
data and can be recommended for practical use in the information-
analytical system [19].

Training is carried out within the Python microservice, which im-
plements the full cycle of model operations. It consists of two key stages:

- data preparation and algorithm training with subsequent stor-

age of the generated artifacts;

- use of these artifacts for forecasting the restoration cost of new

objects.

During training, categorical features are converted into numeri-
cal representations using one-hot encoding, after which the model
is trained on the dataset and saved in joblib format along with the
list of features. An implementation example for the XGBoost model is
provided below:

def save_columns(feature_columns):
feature_columns.remove("sapricts_sipgHoBaenns") # hide the
target variable

# write the list of columns into a JSON file
with open(feature_columns.json’, "w’, encoding="utf-8") as f:
json.dump(feature_columns, f; ensure_ascii=False, indent=4)

def main():
# --- Step 1: Data Loading and Preparation ---
df = pd.read_csv("restoration_data.csv")
dfcolumns = df.columns.strstrip()

# encode categorical features using get_dummies
df = pd.get_dummies(df, columns=["run_6yaisai, "cryninb_
[OLIKOAKEHHS, "perioH’, "tur_pemoHty'|)

save_columns(df.columns.tolist())

# split the target variable and the features
y = df]"BapricTh_BiAHOBACHHS |
x = df.drop(columns=["saprictb_piaHoBAeHHS"])

# split into training and test sets
X_train, x_test, y_train, y_test = train_test_split(x, y, test_
size=0.2, random_state=1)

# - Step 2: Model Training ---

model = xgb.XGBRegressor(objective="eg:squarederror,
random_state=1)

model fit(x_train, y_train)

# --- Step 3: Model Evaluation (optional) ---
y_pred = model.predict(x_test)

mae = mean_absolute_error(y_test, y_pred)
print(f"MAE: {mae: 2{} UAH")

# --- Step 4: Save the model using joblib ---
joblib.dump(model, "restoration_model.pkl")

# --- Step 5: Text Representation of a Single Tree ---
print("\ Analytical Form of an XGBoost Tree (if-else logic):")
booster = model.get_booster()
tree_text = booster.get_dump(with_stats=False)[0] # take only
the first tree
print(tree_text)
if _name__=="__main__:
main()

For a comprehensive assessment of the selected regression algo-
rithms, the training was conducted in two stages. At first, a sample
of 50 records was used. An example of the data from this sample is
presented in Table 1. The result of training on the sample of 50 records
is presented in Table 2.

Table 1
Data sample
X1 X2 X3 X4 X5 X6 S, UAH
4000 5 Multi-apartment building Severe Odesa Capital 32788802
7200 9 Multi-apartment building Severe Kyiv Region Capital 39493328
7200 9 Administrative Average Kyiv Region Current 27781429
7200 9 Multi-apartment building Severe Kyiv Region Capital 48975673
4000 5 Multi-apartment building Severe Kyiv Region Capital 49790360
4000 5 Multi-apartment building Severe Kyiv Region Capital 63354904
8000 10 Multi-apartment building Severe Kyiv Region Complete reconstruction 96045497
7200 9 Multi-apartment building Severe Kyiv Region Capital 321652285
4000 Multi-apartment building Severe Kyiv Region Capital 86432499
3200 4 Educational Average Kharkiv Capital 60558384

;36
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Table 2

Result of training on the sample of 50 records

Model name MAE (million UAH) Approximate error, % of restoration cost
Linear regression 20.81 ~ 40-45%
Random forest regressor 14.54 ~30-35%
XGBoost regressor 14.86 ~ 30-35%

At this stage, the random forest model
demonstrated the lowest mean absolute er-
ror (MAE), although all three models showed

relatively high errors due to the limited sample 4872042,
size. On average, the model errors amounted to (x)=
30-40% of the actual restoration cost, which is 3640291.25,
insufficient for practical use in risk assessment 21266848,
or budget decision-making. Therefore, it was de-

other cases,

cided to increase the training sample to 100 re-
cords, partly by augmenting the existing data.

To ensure the correct representation of costs in a commonly ac-
cepted currency equivalent, it should be noted that at the time of da-
taset formation (date: 05.06.2025), the official NBU exchange rate was
1 USD = 414829 UAH and 1 EUR = 472013 UAH. Thus, the amounts
given in hryvnias can be interpreted in terms of US dollars or euros. The
result of training on the sample of 100 records can be seen in Table 3.

After the training, analytical forms of the models were also ob-
tained, which makes it possible to interpret their operation and evaluate
the contribution of individual features to the formation of the predicted
restoration cost.

Analytical form of the linear regression model

V' =-69339774.63 —8483.34 - x, +
+9257139.60-x, +2320479.86-x, +39763722.59 - x, —

—981582.33-x,+13325011.68- x,. (6)

Analytical form of a single tree of the random forest model (7).
The values presented are the predictions of only one tree, whereas the
overall result is computed as the average of the outputs of all trees in
the ensemble

2948233,  if (x, #Severe) A(x, # Average) A(5662.5< x, £7312.5),

28600000, if (x, # Severe) A (x, # Average) A (x, > 7312.5),

96045497, if (x, =Severe) A (x, # Capital) A (x, # Zaporizhia) A (x, #Irpin),
£,(x)=491000000, if (x, =Severe) A (x, # Capital) A(x, =Irpin),

158272516, if (x, =Severe) A(x, # Capital) A (x, = Zaporizhia),

38500000, if (x, =Severe) A(x, =Capital) A (x, =Sumy),

other cases, meaning is determined by other branches of the tree.

Analytical form of a single tree of the XGBoost model (8). The
values presented are the predictions of only one tree, whereas the over-
all result is computed as the sum of the contributions of all trees in
the ensemble

—3875224.25, if (x, =Severe) A(x, 27410) A(x, <8250),

—1068228.88, if (x, =Severe) A(x, 28250),

if (x, # Severe) A(x, = Zaporizhia) A (x, # Kyiv Region) A (x, <3300),
if (x, # Severe) A(x, =Odesa Region) A (x, <7410),

if (x, # Severe) A (x, # Zaporizhia) A (x, = Admin.) A (x, >3300),

meaning is determined by other branches of the tree.

According to the obtained training results, increasing the sample
size to 100 records significantly improved model accuracy. The best per-
formance was demonstrated by the XGBoost regressor algorithm, which
achieved the lowest mean absolute error, with an average deviation of
about 15-20% of the restoration cost. Considering the complexity of the
data structure and the presence of categorical variables, decision-tree-
based methods proved to be more effective than the classical linear model.

At the same time, the linear regression model should not be com-
pletely discarded, since its simplicity, computational efficiency, and high
interpretability remain important advantages in certain analytical tasks.
In particular, it can be effectively applied to generate OLAP analytics,
such as aggregated estimates of restoration costs by region, object type,
or damage level. In such scenarios, linear regression can provide suf-
ficient accuracy with minimal computational costs.

Overall, despite the relatively limited training sample size (100 re-
cords), the obtained results with a mean absolute error (MAE) of
7-9 million UAH can be used for preliminary automated cost estima-
tion of buildings restoration with an approximate cost ranging from
20 to over 90 million UAH. The developed models can already be
integrated into the information-analytical system as a tool for the ini-
tial analysis of new applications, enabling auto-
matic prediction of the "adequate’ restoration
cost based on the input parameters of an object.
If the declared cost (S) exceeds the predicted
cost (V) by more than two MAE values, such
cases can automatically be flagged as potentially
suspicious for further manual verification or ad-
ditional audit.

Thus, the research results confirm the feasibil-
ity of using ensemble models, in particular Ran-
dom Forest and XGBoost, for the task of estimat-
ing the restoration cost of damaged infrastructure.

Even in its early implementation, such a model can serve as an ef-
fective mechanism for anomaly detection, and with further refinement
significantly improve the accuracy of budget planning and the transpar-
ency of decision-making processes.

(7)

Table 3

Result of training on the sample of 100 records

Model name MAE (million UAH) Approximate error, % of restoration cost
Linear regression 15.94 ~25-30%
Random forest regressor 9.65 ~ 15-20%
XGBoost regressor 727 ~ 15-20%
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A distinctive feature of the obtained results is that, in contrast to
previous studies and practical solutions focused on mapping destruc-
tion, overall loss statistics, or expert assessments, the proposed approach
provides algorithmic forecasting of restoration costs for individual
objects based on their structured characteristics. The originality of
this work lies in the integration of modern machine learning meth-
ods with a microservice architecture, which made it possible to create
a tool capable of automatically generating preliminary cost estimates
integrated into an already functioning information-analytical system.
Unlike existing strategic and methodological documents, which define
only the frameworks and principles of reconstruction, the developed
microservice provides a practical mechanism for the initial verification
of declared expenses and the detection of potentially inflated amounts
at the early stages of planning. This addresses the gap identified in the
literature and establishes a foundation for greater transparency and ef-
ficiency in financial management of reconstruction processes.

The limitations of this study lie in several important aspects. First,
the training samples were formed on the basis of open data from Pro-
zorro, which cover a limited number of objects (approximately 100 re-
cords) and reflect only those cases subject to public procurement. This
narrows data representativeness and may lead to systematic errors.
Second, some input features (damage degree, repair type) are descrip-
tive in nature, which reduces the accuracy of formalization and may
require fuzzy logic or feature engineering in the future. Third, the re-
sults were validated only within the cost range of 20 to 90 million UAH;
therefore, the applicability of the models beyond this interval is limited.
In addition, the accuracy of the forecast strongly depends on the quality
and completeness of the input data, and the absence or distortion of
key parameters (e. g., area or degree of damage) may lead to incorrect
estimates. Thus, the developed models should be considered as a tool
for preliminary analysis that complements but does not replace expert
or project-based cost assessment.

Possible directions for further research include improving forecast-
ing accuracy, for which it would be appropriate to:

- expand the training sample by collecting more real applications

with verified data;

- perform feature engineering by adding new computed parame-

ters such as building age, approximate cost per square meter, distance

to the front line, building type, and other relevant characteristics;

- augment the data by generating synthetic samples through mi-

nor transformations and modifications of existing records;

- implement fuzzy logic for the formalization of gradational fea-

tures by representing variables such as damage degree and repair

type as fuzzy sets using fuzzification methods, which would allow
smoother transitions between categories to be considered and po-
tentially increase model accuracy.

4. Conclusions

1. In the course of the study, a training dataset was formed based
on open public procurement data from the state service Prozorro and
information about the technical characteristics of the objects. This
made it possible to train regression models (Linear Regression, Ran-
dom Forest Regressor, XGBoost Regressor) and compare them with
each other.

2. The experimental calculations showed that, with the available
dataset, the most effective model was XGBoost, which achieved a mean
absolute error (MAE) of 7-9 million UAH, corresponding to approxi-
mately 15-20% of the actual restoration cost of the objects. The Random
Forest model also demonstrated acceptable results, only slightly lagging
behind XGBoost, which indicates its potential applicability under condi-
tions of limited samples or increased noise levels in the data.

3. Based on the obtained results, a separate Python microser-
vice was developed to run the forecasting models and expose them via

a REST APIL This approach ensured technological flexibility, scal-
ability, and the possibility of further improving the models without
affecting the core system.

4. The developed microservice was integrated into the existing
information-analytical system, which made it possible to automate the
preliminary restoration cost estimation. As a result, this solution can
serve as a decision-support tool and provide additional control over
resource allocation in the reconstruction process.
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