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Analysis of the Influence of Various Factors
on the Prevalence of Tuberculosis in Ukraine

A medical approach to the analysis of socio-economic, medical and demographic factors affecting the preva-
lence of tuberculosis in Ukraine is insufficient for timely prognosing the prospects for the development of the
tuberculosis epidemic and developing an appropriate plan to address its challenges.

Objective — to analyse influence of various factors on tuberculosis prevalence in Ukrainian population.

Materials and methods. For the analysis, data were collected over the past sixteen years, covering all regions
of Ukraine, including information on the number of specialized hospitals, the number of fluoroscopic examina-
tions per 100,000 people, vaccination data, the number of Mycobacterium tuberculosis excretors, the prevalence
among urban and rural residents, and the percentage of different demographic groups (workers, health care
workers, students, pupils, retirees, the unemployed, homeless people, released prisoners, private sector workers).

Results and discussion. The analysis, conducted through the Stacking model, enables the identification of
crucial variables that significantly influence the prevalence of tuberculosis. Evaluating the significance of each
element in the model enables a deeper comprehension of morbidity dynamics and the optimization of intervention
strategies. The creation and validation of machine learning models such as linear regression, random forests, and
adaptive boosting have enabled accurate predictions of tuberculosis prevalence. The use of 5-fold cross-validation
increased the reliability of the predictions, ensuring stability and accuracy across different demographic groups.

Conclusions. The application of artificial intelligence in analyzing socioeconomic, medical, and demographic
data has facilitated the identification of key factors influencing the prevalence of tuberculosis in Ukraine.
Specifically, the analysis has verified the substantial effects of the quantity of specialized hospitals, the rate of
fluoroscopic examinations, and the frequency of bacterial excretion on the prevalence rates.
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n the present state of Ukrainian society’s develop-
ment, addressing the dissemination of tuberculosis
(TB) is crucial. This disease is intricately linked to
socioeconomic, medical, and demographic factors [3].
Analysis of the ways of spreading, negative con-
sequences for public health and other aspects of TB
have long been the focus of research [10]. Concur-
rently, the investigation into the socio-economic,
medical, and demographic factors affecting the dis-
semination of TB within Ukrainian society contin-
ues to be a relatively undiscovered field of study.
A medical approach to the analysis of socio-eco-
nomic, medical, and demographic factors influencing

the prevalence of TB in Ukraine is insufficient in
timely prognosing the prospects for the development
of the TB epidemic and developing an appropriate
plan to address its challenge. As a result, the preva-
lence of TB remains a major threat not only to the
lives and health of our people, but also to the WHO
European Region [2].

Therefore, we used mathematical analysis with
the use of artificial intelligence to establish the
relationship between TB and socioeconomic, medi-
cal, and demographic factors in Ukraine.

Currently, scientists are engaged in research and
modeling specifically focused on the dissemination
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of TB [6]. Another study highlights how socioeco-
nomic conditions contribute to the spread of TB [1].
The authors analyze how access to health care affects
the effectiveness of TB prevalence of TB [12]. An
overview of the advancements in the application of
artificial intelligence within the medical field is
provided [4].

The application of artificial intelligence (AI) in
TB research is gaining popularity for its capacity to
analyze extensive data sets, identify complex rela-
tionships, and predict epidemiological patterns.
Specifically, reference [11] employs a range of
machine learning algorithms for predicting TB
prevalence, enabling highly accurate predictions and
the identification of regions at elevated risk for
disease transmission [5]. The authors have devel-
oped a deep learning-based system to automatically
detect major chest diseases, including TB, in X-rays
[13]. Although this study focuses on COVID-19,
the methodologies and technologies they use can be
adapted to monitor and predict the spread of TB,
demonstrating the potential of AI in global epi-
demic management [9]. This review explores the
potential of machine learning in the medical sector,
including its ability to integrate and analyze large
amounts of data on socioeconomic factors to better
comprehend their influence on the spread of TB.

To date, there have been no studies investigating
the complex effects of various factors on the spread
of TB using artificial intelligence technology.

Objective — to analyse influence of various fac-
tors on tuberculosis prevalence in Ukrainian
population.

Materials and methods

The dataset for analyzing the impact of various
socioeconomic, medical, and demographic factors
on t TB prevalence consists of the mentioned fields
and contains 400 records. The data was collected
over the past 16 years and covers all regions of
Ukraine. The data were collected over the past
sixteen years, covering all regions of Ukraine,
including information on the number of specialized
hospitals, the number of fluoroscopic examinations
per 100.000 people, vaccination data, the number of
Mycobacterium tuberculosis exrators, the prevalence
among urban and rural residents, and the percentage
of different demographic groups (workers, health
care workers, students, pupils, retirees, the unem-
ployed, homeless people, released prisoners, private
sector workers).

The dataset also includes indicators reflecting the
level of alcohol abuse and drug use, the prevalence
of doctors in specialized hospitals per 10 thousand
healthcare workers, HIV /TB rates per 100 thousand
people, cases of resistant TB, treatment failure,

interrupted treatment, patients dropped out of
follow-up, treatment outcomes for relapses and
multidrug-resistant TB (MDRTB), and the number
of surgical interventions (lung and extrapulmonary
TB surgeries).

Correlation analysis. In the first phase of the
study, correlation analysis is used to identify sta-
tistical relationships between various factors
(e. g., number of hospitals, health workers, vaccina-
tion rates) and TB prevalence. This allows us to
determine which variables have a potential impact
on the prevalence of the disease. Utilizing correla-
tion coefficients, such as Pearson’s, is beneficial for
evaluating the strength and direction of the relation-
ship between variables.

Testing different models by cross-validation.
The next step is to test different machine learning
models such as Least-Squares Regression, Decision
Trees, Random Forest, K-Nearest Neighbors, Sup-
port Vector Machines, Adaptive Boosting, Stochas-
tic Gradient Descent, Error Backpropagation Neu-
ral Networks. Cross-validation is a method used to
assess the stability of models. In 5-fold cross-vali-
dation, the data is partitioned into five subsets. The
model undergoes five separate tests, each time using
a different subset as the test set and the remaining
subsets as the training data.

Building an ensemble of models. An ensemble is
constructed using the acquired models, integrating
the predictions of the top-performing models to
enhance the precision and dependability of the out-
comes. The study used an ensemble based on stacking,
which allowed us to take into account different aspects
of the data and reduce the variability of the forecast.

Sensitivity analysis. The concluding phase of
sensitivity analysis evaluates the resilience of the
model ensemble against variations in the data or the
model parameters. This involves varying the key
parameters and assessing the impact of these chang-
es on the model results.

The study was conducted in the Orange environ-
ment. The data flow diagram is shown in Fig. 1.

Results and discussion

Table 1 displays the outcomes of the correlation
analysis, detailing the R? determination coefficients
for different factors that may influence the preva-
lence of TB. The coefficient of determination R2
measures the proportion of variation in the relevant
variable, that is predictable from the independent
variables in a model. The principal conclusions
drawn from the table are as follows:

1. Bacterial excretion has the highest coefficient of
R? = 0.641, indicating a strong relationship
between the frequency of bacterial excretion in
the population and the prevalence of TB.
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Fig. 1. Diagram of the study’s information flow

2. HIV/TB (the ratio of HIV and TB prevalence
per 100,000 population) also has a significant
coefficient of R2 = 0.542, which emphasizes the
link between these two diseases.

3. Fluorographic examinations of the population
have a coefficient of R? = 0.501, which indicates
the importance of regular medical examinations
in detecting and controlling TB, especially in risk
groups.

4. The high R? values associated with the sickness
rate of doctors and surgical treatments may
indicate the consequences of not adhering to
infection control protocols and underscore the
significance of surgery as a supplementary treat-
ment in certain instances.

5. The low R? coefficients for variables like alcohol
abuse, drug use, and demographic categories
(such as retirees, students, workers) suggest these
factors have a less significant direct effect on
morbidity compared to medical and epidemiolo-
gical factors.

The subsequent step involved analyzing the per-
formance of the beforementioned machine learning
models for predicting TB prevalence, utilizing the
5-fold cross-validation method. The primary param-
eters assessed were the Mean Squared Error, Root
Mean Square Error (RMSE), Mean Absolute Error

(MAE), Mean Absolute Percentage Error (MAPE),
and the Coefficient of Determination (R2). The
findings of the study are detailed in Table 2.

The table indicates that the linear regression
demonstrated satisfactory performance with a coef-
ficient of determination of R? = 0.71, which indicates
moderate model adequacy for this data set. While
the RMSE and MSE are relatively high, this sug-
gests potential variances in predictions, particu-
larly when dealing with large and complex datasets.
Neural networks are almost equal to linear regres-
sion in terms of R?, but require more careful tuning
and computational resources. Due to the complex-
ity of the model structure, this model may be par-
ticularly sensitive to overfitting.

K-nearest neighbors algorithm, Support Vector
Machines (SVM), and stochastic gradient descent
showed medium and low efficiency.

AdaBoost demonstrated the greatest efficiency
with an R? of 0.81, outperforming all other models,
and exhibited the lowest MSE and RMSE, signify-
ing its high accuracy and reliability. The model
demonstrates strong adaptability across various
datasets, enhancing accuracy through the consistent
minimization of errors within the training data.

Following the analysis of different machine learn-
ing models’ performance, the creation of a model
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Table 1. Outcomes of the correlation analysis

Factor R?
Bacterial excretion 0.641
HIV/TB (per 100,000) 0.542
Fluorographic examinations of the population

(per 100,000) 0.501
Sickness rate of doctors (per 10,000 doctors) 0.48
Surgical treatment (lung number of operations) 0.468
Resistant TB 0.466
Interrupted treatment 0.433
Treatment failed 0.387
Treatment of relapses (interrupted treatment) 0.379
Treatment of relapses (cured) 0.378
Lost of follow up 0.369
Non-working (% of total) 0.364
Treatment of MDRTB (lost of follow up) 0.335
Surgical treatment (number of operations) 0.317
Treatment of relapses (unsuccessful treatment) 0.311
Treatment of relapses (lost of follow up) 0.308
Retirees (% of total) —0.294
Number of hospitals 0.216
Vaccinations 0.2
Treatment of MDRTB (interrupted treatment) 0.146
Drug use (% of the total) 0.118
Homeless (% of the total) -0.111
Alcohol abuse (% of the total) -0.107
Employees (% of the total) —-0.091
Treatment of MDRTB (unsuccessful treatment)  0.076
Private workers (% of the total) —-0.056
Students (% of total) 0.052
Workers (% of total) —0.047
Released prisoners (% of the total) -0.019
Pupils (% of the total) —-0.01
Medical workers (% of the total) 0.002

ensemble using Stacking technique is suggested.
This ensemble should comprise Linear Regression,
Neural Network, AdaBoost, and Random Forest
models. These models were chosen because of their
high performance and complementarity in solving
prediction problems.

Table 2 clearly indicates that the Stacking model
outperforms all other methods evaluated.

* Rz At 0.83, the highest among all models, the
Stacking model accounts for roughly 83 % of the
variance in the dataset’s responses, surpassing its
nearest rival, AdaBoost, by 0.02 points.

* MSE and RMSE: Stacking has the lowest MSE
(6299) and RMSE (794), indicating lower overall
prediction errors compared to the other models.

* MAE and MAPE: Also the lowest among all the
considered models (MAE = 578 and MAPE =
=0.011), which demonstrates the high accuracy
of the predictions created by the Stacking model.
Compared to individual models such as AdaBoost

and Random Forest, which also showed high accu-
racy rates, Stacking achieves additional improve-
ments in accuracy and stability. This demonstrates
the power of a combined approach that takes into
account different aspects of the data and the prob-
lem, while reducing the likelihood of overfitting that
can occur with individual models.

Consequently, Stacking proved to be the most
effective method among the analyzed ones, showing
the highest scores across all evaluation criteria. This
makes it an ideal candidate for use in real-world
environments where high accuracy and reliability
of forecasts are important.

Determining the importance of factors

The analysis, conducted with the Stacking
model, enables the identification of crucial variables
that significantly influence the prevalence of TB.
Evaluating the significance of each factor within
the model enables a deeper comprehension of mor-
bidity dynamics and the optimization of interven-
tion strategies. Table 3 and Fig. 2 present the out-
comes of factor importance according to the
Stacking model.

The data indicates that the rate of bacterial excre-
tion significantly deviates from the others which is
completely confirmed by the literature [14].
The significance of surgical treatment as an impact-

Table 2. Outcomes of testing various machine learning models

MSE RMSE MAE MAPE R?
Linear Regression 108.04 10.39 7.87 0.14 0.71
Neural Network 111.52 10.56 7.54 0.14 0.70
kNN 265.11 16.28 11.93 0.26 0.29
Tree 191.64 13.84 9.42 0.18 0.49
Random Forest 80.92 9.00 6.64 0.13 0.78
SVM 255.39 15.98 11.69 0.25 0.32
AdaBoost 72.49 8.51 6.22 0.12 0.81
Stochastic Gradient Descent 132.32 11.50 8.52 0.16 0.65
Stacking 62.99 7.94 5.78 0.11 0.83
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Fig. 2. The significance of factors in the stacking model

ful factor is quite unexpected, given that current

global protocols suggest that surgical treatment of

TB is indicated only in certain cases and is no lon-

ger used as often as it used to be. All the other fac-

tors undoubtedly have an impact on the prevalence
of TB, as evidenced by the results of medical

research [3].

The results clearly illustrate the point:

1. Bacterial excretion, with a factor of 0.405,
significantly influences the prevalence of TB. This
underscores the importance of controlling bacte-
rial transmission, as it is closely associated with
higher prevalence rates.

2. Fluorographic examinations have the second most
important indicator (0.059). This confirms the
role of regular medical check-ups, especially for
high-risk groups, in detecting and preventing the
disease, which allows for early identification of
new cases of TB.

3. Surgical interventions and outcomes of MDRTB
treatment are also important variables. This
reflects the importance of additional surgical
interventions, along with chemotherapy, and the
importance of successful treatment in the context
of controlling resistant forms of TB and the need
to improve and optimize treatment strategies.

4. Sickness rate of doctors and resistant TB is also
relatively high, which may suggest a lack of
adherence to infection control measures in
healthcare facilities, as well as difficulties in
managing the spread of resistant TB forms.

5. Less important, but still significant, variables
include HIV /TB co-morbidity, released prisoners,
and socioeconomic indicators such as alcohol
abuse. These variables indicate the complexity of
the links between social conditions and disease,
which requires a comprehensive approach to
community health.

Table 3. Significance of factors in the stacking model

Feature Importance
Bacterial excretion 0.405
Fluorographic examinations

of the population (per 100,000) 0.059
Surgical treatment

(lung number of operations) 0.026
Treatment of MDRTB

(unsuccessful treatment) 0.020
Lost of follow up 0.016
Sickness rate of doctors (per 10,000 doctors) 0.015
Resistant TB 0.015
Treatment of MDRTB (lost of follow up) 0.014
HIV,/TB (per 100,000) 0.011
Released prisoners (% of the total) 0.009
Non-working (% of total) 0.008
Alcohol abuse (% of the total) 0.007
Retirees (% of total) 0.007
Treatment of MDRTB (interrupted treatment) 0.006
Treatment failed 0.006
Vaccinations 0.006
Number of hospitals 0.005
Treatment of relapses

(unsuccessful treatment) 0.005
Homeless (% of the total) 0.005
Treatment of relapses (cured) 0.004
Surgical treatment

(lung number of operations) 0.004
Students (% of total) 0.004
Treatment of relapses (lost of follow up) 0.004
Treatment of relapses

(interrupted treatment) 0.004
Employees (% of the total) 0.004
Medical workers (% of the total) 0.003
Private workers (% of the total) 0.003
Interrupted treatment 0.003
Drug use (% of the total) 0.003
Employees (% of the total) 0.002
Pupils (% of the total) 0.002

Sensitivity analysis

Sensitivity analysis and SHAP (SHapley Additive
exPlanations) analysis are important tools for ana-
lyzing the spread of TB, which help to better under-
stand the mechanisms of the model and its response
to changes in the input data.

SHAP analysis suggests a methodology for inter-
preting complex machine learning models. It enables
the identification of the contribution of each factor
to the model’s prediction, which is crucial for trans-
parency and clarity in medical and policy decision-
making. In the context of TB, SHAP analysis helps
to identify which factors are most significant for
disease prevalence, which can contribute to the
development of targeted interventions.
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Fig. 3. SHAP analysis of the stacking model

Sensitivity analysis evaluates the stability and
reliability of predictive models by examining their
response to variations in input parameters. Within
this study, it enables us to investigate the impact of
minor alterations in elements such as the number of
medical examinations and demographic character-
istics. Ensuring the accuracy and reproducibility of
results is critical, particularly in contexts where
models are expected to be used to support public
health decisions.

Fig. 3 illustrates the SHAP analysis of the stac-
king model. The diagram represents the most impor-
tant factors of the model. Each point on the graph
corresponds to a SHAP value for each factor. The
SHAP value quantifies the impact of each feature
on the outcome of a model. A larger SHAP value
(greater deviation from the center of the graph)
means that the factor value has a greater impact on
the prediction for the selected class. Positive SHAP
values (points to the right of the center) are the
values of features that influence the prediction. The
SHAP value shows how much the feature value
affects the predicted value from the average predic-
tion. The colors represent the value of each factor.
Black represents a higher texture value and gray
represents a lower value. The color range is deter-

There is no conflict of interest.

mined based on all the values in the dataset for the
object. As you can see from the figure, the results of
the SHAP analysis fully confirm the importance of
the factors.

Conclusions

The application of artificial intelligence in analyz-
ing socioeconomic, medical, and demographic data
has facilitated the identification of key factors influ-
encing the prevalence of TB in Ukraine. Specifically,
the analysis has verified the substantial effects of
the quantity of specialized hospitals, the rate of
fluorographic examinations, and the prevalence of
bacterial excretion on the disease prevalence.

The development and validation of machine learn-
ing models, including linear regression, random for-
ests, and adaptive boosting, allowed accurate predic-
tion of TB prevalence. The use of 5-fold cross-valida-
tion increased the reliability of predictions, ensuring
stability and accuracy across different demographics.

The results of the SHAP analysis, which provides
a methodology for interpreting complex machine
learning models, shows the most important factors
that influence the prevalence of TB in Ukraine, with
the greatest impact shown in bacterial excretion rates
and fluorographic examinations of the population.
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1.0. Cem'sHiB
ByKOBMHCbKUI fiepaBHU MegnyHUil yHiBepcuTeT, YepHiBui

Anani3 BIAUBY pi3HUX UMHHUKIB
Ha IOWIVPeHicTb Ty6epKynbo3y B Ykpaiui

Jlviie MeIMIHOTO MTi/IXOLY /10 aHATi3Y COIliaTbHO-eKOHOMIYHUX, MEIUMYHUX Ta ieMorpadiuHux YMHHIKIB,
SKi BIUIMBAIOTh Ha 3aXBOPIOBAHICTh Ha TYOEPKYJIb03 B YKpaiHi, HEAOCTATHBO JIJISI CBOEYACHOTO TIPOTHO3Y-
BaHHsI PO3BUTKY elriieMii TyOepKyIbo3y Ta PO3poOKH BiAOBIAHOIO IJIaHy IIPOTH/IIT I0T0 BUKIMKAM.

Mema po6omu — nipoaHasisyBaTi BIUIUB PI3HUX YNHHUKIB Ha 3aXBOPIOBAHICTH Ha TYOEPKYJIHO3 CEPE/L
HaceJieHHS YKpaiHu.

Mamepiaau ma memoou. IlpoanaizoBaHo JaHi PO KiJIbKICTh ClienianisoBaHX JKapeHb, KiTbKIiCTh
posezeHux diriooporpadiunnx orystis Ha 100 THC. HaceseHHs, IPOBEAECHHS BaKIIMHAIH, KiTbKicTh 6ak-
TEPiOBU/IIIIOBAYIB, 3aXBOPIOBAHICTD CEPEl MICHKUX Ta CLIBCHKUX KUTEJIB, CIIBBIIHONIEHHS eMoTpadiy-
HUX rpyIl (poOITHUKM, CIyKO0BII, MeANYHI TPAIliBHUKMU, CTYAECHTH, YUHi, IEHCIOHEePH, HEITPaIioiodi, 0CoOH,
SIKi TIOBEPHYJIUCS 3 MiCITb TT030aBJIEHHST BOJI, 0cOOHM (€3 OCTIMHOTO MICI[s IPOKUBAHHSI, TPUBATHI MPAIliB-
HUKM)) 32 oCTaHHIX 16 poKiB B ycix 061acTsx YKpaiHu.

Pesynvmamu ma 062080penns. AHaji3 BaKJIUBOCTI YMHHUKIB, BUKOHAHUIT 3a gonomoroio Stacking
MOJIEJI, Ia€ 3MOTY BUSIBUTH KJIIOUOBI 3MiHHI, 1110 HaiiOi/ibllle BIUIMBAIOTh HA 3aXBOPIOBAHICTH Ha TyOepKy-
J1503. OTiHKa BOKIMBOCTI KOKHOTO YMHHNKA B MOJIEJ I0OTIOMAra€e Kpaiie 3po3yMiTH ITHAMIKY 3aXBOPIOBa-
HOCTI Ta ONTHMI3yBaTH cTpaTerii iHTepseHIliii. Pospobka Ta Bajigalis Mojgeneil MalllMHHOIO HaBYaHHS,
30KpeMa Jiiniitna perpecist, «random forests» it aganTUBHUI OYCTHHT, JaJIF 3MOTY 3 TOYHICTIO TIPOTHO3YBATH
3aXBOPIOBaHICTh Ha TyGepKy/Ib03. Bukopucranus 5-pa3oBoi Kpoc-Baigarii miIBUIINIO HAAIHHICTD TIpo-
THO3iB, 3a0e311euy0un CTabiIbHICTh I TOYHICTD Y PI3HUX AeMOorpadiyHuX TPyax HACEJEHHSI.
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Bucnoexu. BukopucTaHHd MITYIHOTO IHTETEKTY [JIT aHATI3Y COIIaJbHO-eKOHOMIUHUX, METUYHNX Ta
neMoTpadiuHnX JaHUX /a0 3MOTY BUSBUTH OCHOBHI UMHHUKH, IO TPU3BOJSATD JI0 3aXBOPIOBAHOCTI Ha
TyOepKyIb03 B YKpaiHi. 30KpeMa, aHaJIi3 MiATBepIUB 3HAYHUI BILIUB KiJIbKOCTI CIIeI[iai30BaHNUX JIiKapeHb,
(durrooporpadiuHuX OIJIAAIB HACEJIEHHS Ta YACTOTH BUSIBJIEHHS GaKTePiOBU/IIIIOBAYIB Ha PIBEHb 3aXBOPIO-
BaHOCTI.

Kmouoei crosa: eninemist, TyOepKyibo3, 3aXBOPIOBAHICTh, YNHHUKH, MOJICJTFOBAHHSI.
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