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Abstract

Objective: To identify the most informative metabolic biomarkers associated with newly diagnosed cancer and to evaluate the
potential of interpretable machine learning methods for their identification and patient classification. Materials and methods:
This single-center retrospective study included 210 patients: 110 subjects without cancer and 100 patients with newly diagnosed
malignancies. Clinical, anthropometric, laboratory, and metabolic variables were analyzed, including body mass index, waist
circumference, visceral adiposity index, fasting glucose, immunoreactive insulin, insulin resistance indices, lipid profile,
adipokines, and inflammatory markers. After preprocessing and stratified splitting into training, validation, and test sets, a family
of Logistic Regression models, Elastic Net, Decision Tree, and CatBoost were used for binary classification. Model interpretation
was performed using SHAP analysis, CatBoost feature importance, decision tree structure, SHAP Waterfall plots, and
standardized Elastic Net coefficients. Results: CatBoost demonstrated the best classification performance on the test set
(AUROC=0.9805; AUPRC=0.9711; Recall=0.9091; Precision=0.9524; F1-score=0.9302). Independent interpretation methods
consistently identified the hyperglycemia criterion, fasting glucose, HOMA-IR, oral glucose tolerance test parameters, and the
number of metabolic syndrome components as the leading predictors. Distribution analysis confirmed a shift of these biomarkers
toward more pronounced carbohydrate metabolism disorders in the oncology group. Conclusion: Interpretable machine learning
can support the identification of metabolic biomarkers associated with newly diagnosed cancer. Carbohydrate metabolism and
insulin resistance markers were the most informative predictors and may be useful for early oncometabolic risk stratification and
future clinical decision-support models.
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1. Introduction

The rising incidence of malignant neoplasms remains one are still detected at late stages, which significantly worsens
of the most significant medical and social problems in modern prognosis and limits the possibilities for radical treatment [2].
healthcare [1, 6]. Despite advances in diagnostic and treatment ~ Recent GLOBOCAN estimates also emphasize the continuing
methods, a considerable proportion of oncological diseases
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growth of the global cancer burden and the importance of pre-
ventable risk factors, including excess body weight [6]. In this
regard, the search for accessible biomarkers that allow the
identification of patients at high cancer risk at the preclinical
stage is of particular relevance.

In recent years, particular attention has been paid to the
study of metabolic disorders as potential factors in carcino-
genesis. Visceral obesity, insulin resistance, hyperinsulinemia,
and chronic low-grade inflammation are considered key
mechanisms contributing to the development of malignant ne-
oplasms [3, 7-12]. However, comprehensive assessment of
metabolic biomarkers is difficult due to complex non-linear
relationships between clinical, anthropometric, and laboratory
parameters [7, 8, 14].

Machine learning methods allow for the consideration of
such correlations, the automatic identification of the most in-
formative features, and the construction of interpretable pa-
tient classification models. Unlike most published studies [4,
5, 13, 14], which are predominantly based on demographic
characteristics, routine laboratory parameters, and electronic
medical record data, the present study aims to identify key
metabolic biomarkers associated with newly diagnosed onco-
logical diseases using several complementary interpretable
machine learning methods. Recent systematic reviews and re-
porting recommendations further emphasize that machine-
learning models intended for clinical use require transparent
interpretation, clinician-oriented explanations, and complete
reporting of model development and validation [14, 15].

Aim of the Study

To identify the most informative metabolic biomarkers as-
sociated with newly diagnosed oncological diseases and to
evaluate the potential of interpretable machine learning meth-
ods for their identification and patient classification.

2. Materials and Methods

2.1. Study Design

A single-center retrospective study was conducted aimed at
identifying metabolic biomarkers associated with newly diag-
nosed oncological diseases and developing interpretable ma-
chine learning models for binary patient classification.

The study included two groups of patients: a study group
(SG, n=110) without oncological diseases and a group of pa-
tients with newly diagnosed malignant neoplasms (n=100).
The target variable was the patient's belonging to the group
with a newly diagnosed oncological disease (1) or to the study
group without oncological pathology (0).

2.2. Studied Parameters and Statistical Analysis

Clinical-demographic, anthropometric, laboratory, and
metabolic parameters were analyzed: age, sex, body weight,
body mass index (BMI), waist circumference (WC), visceral
adiposity index (VAI), glucose and immunoreactive insulin
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levels, HOMA-IR, Matsuda, and Caro indices, concentrations
of visfatin, resistin, and IL-10, as well as additional parame-
ters of the carbohydrate, lipid, and inflammatory profile.

Quantitative data are presented as median and interquartile
range Me (Q1; Q3). Intergroup differences were assessed us-
ing the Mann-Whitney U test. Differences were considered
statistically significant at p < 0.05.

2.3. Data Preprocessing

Prior to model training, data preprocessing was performed.
Duplicate variables and observations containing missing val-
ues were excluded from the analysis. Categorical variables
were converted to numerical values using Label Encoding, en-
abling their use in machine learning models.

Based on individual components of the metabolic syndrome,
an integral indicator reflecting the number of pathological
components of the metabolic syndrome in each patient was
calculated. After preprocessing, the data were randomly di-
vided into training, validation, and test sets in a ratio of
56.25%, 18.75%, and 25%, respectively, using stratified split-
ting to preserve the original class distribution.

For logistic regression models, quantitative features were
standardized using the StandardScaler method. For tree-based
models (Decision Tree, CatBoost), feature scaling was not
performed.

2.4. Development and Interpretation of
Machine Learning Models

To solve the binary classification problem, a family of lo-
gistic regression models (without regularization, L1-, L2-reg-
ularization, and Elastic Net), as well as Decision Tree and Cat-
Boost models, were used.

Logistic regression was employed as a baseline linear
model. Decision Tree was used to visualize decision logic and
formulate clinically interpretable classification rules, while
CatBoost was used to build a high-performance model capa-
ble of capturing complex non-linear relationships between
metabolic biomarkers.

For logistic regression models, the sign and absolute value
of standardized regression coefficients were analyzed, reflect-
ing the direction of association and the relative contribution of
individual features to patient classification. The Decision Tree
was interpreted by analyzing its structure, allowing visualiza-
tion of the feature selection sequence and classification rules.
For the interpretation of the CatBoost model, SHAP (SHapley
Additive exPlanations) global feature importance analysis and
the internal feature importance assessment calculated by the
CatBoost algorithm were used. This interpretation strategy
was chosen in accordance with recent literature highlighting
the need for clinically transparent and reproducible XAI work-
flows in oncology and medical prediction modeling [14, 15].
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3. Results

3.1. Clinical-Demographic and Laboratory

Characteristics of the Groups

The clinical-demographic and laboratory characteristics of

Parameter

Age, years
Weight, kg
BMI, kg/m?
WC, cm
VAI

Glucose, mmol/L

SG (n=110)

48.20 (38.68; 59.88)
80.00 (70.75; 98.00)
27.83 (23.79; 33.26)
81.00 (72.00; 92.75)
2.42 (1.25; 4.41)
4.70 (4.30; 5.10)

IRI, pIU/mL 29.40 (14.85; 45.30)
HOMA-IR 5.90 (2.88;9.10)
Matsuda 2.11 (1.48; 3.83)
Caro 0.16 (0.10; 0.29)
Visfatin 32.10(26.38; 37.15)
Resistin 7.85 (4.88; 9.60)
IL-10 16.20 (9.63; 26.20)

Note: Data presented as Me (Q1; Q3). SG — study group; BMI — body mass index; WC — waist circumference; VAI — visceral adiposity index;
IRI — immunoreactive insulin.

the examined subjects are presented in Table 1. Patients with
newly diagnosed oncological diseases were characterized by
higher values of glucose, immunoreactive insulin, HOMA-IR
index, visceral adiposity index, and resistin levels, as well as
lower values of Matsuda and Caro indices, visfatin, and IL-10
concentrations compared to the study group.

Oncology (n=100)

49.30 (41.70; 62.35)
80.00 (71.00; 89.75)
28.91 (25.38; 33.51)
87.00 (76.00; 97.00)
3.38 (2.16; 4.46)
5.95 (4.83;7.58)
48.90 (34.10; 88.95)
12.18 (8.05; 25.83)
1.14 (0.75; 1.87)
0.12 (0.08; 0.20)
23.10 (10.83; 34.00)
23.20 (15.98; 33.28)
10.75 (6.73; 15.88)

3.2. Comparison of Machine Learning Model Performance

The results of the classification performance evaluation are presented in Table 2.

Table 2. Comparison of Machine Learning Model Performance.

AUPRC Recall (Sensitivity)

0.9711 0.9091
0.8800 0.9091

Model AUROC
CatBoost 0.9805
Decision Tree 0.8701
Logistic Regression (Elastic Net) 0.7581
Logistic Regression (L2, Ridge) 0.7614
Logistic Regression (L1, Lasso) 0.7256
Logistic Regression (No regularization) 0.6761

0.6604 0.7727

0.6626 0.7727
0.6158 0.8636
0.5664 0.7273
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Table 1. Clinical-Demographic and Laboratory Characteristics of the Examined Subjects.

Y

0.234
0.432
0.328
0.187
0.009
<0.001
<0.001
<0.001
<0.001
0.002
<0.001
<0.001
<0.001

Precision (PPV)

0.9524
0.7692
0.6071
0.6071
0.5278
0.5926

F1-score

0.9302
0.8333
0.6800
0.6800
0.6552
0.6531
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Based on the test set results, the CatBoost model demon-
strated the best performance, achieving maximum AUROC
(0.9805) and AUPRC (0.9711) values, as well as high Recall
(0.9091), Precision (0.9524), and F1-score (0.9302). This in-
dicates a high ability of the model to correctly distinguish be-
tween patients in the study groups.

The Decision Tree model also showed high classification
performance (AUROC=0.8701; AUPRC=0.8800) but was in-
ferior to CatBoost across most metrics. However, its ad-
vantage was high clinical interpretability. The linear models
demonstrated lower discriminative ability (AUROC 0.6761—
0.7614); among them, the Elastic Net model was the most in-
formative (AUROC=0.7581; AUPRC=0.6604).

Thus, the CatBoost model demonstrated the best classifica-

tion quality among the investigated algorithms and was se-
lected for subsequent interpretability analysis.

3.3. Identification of the Most Significant
Metabolic Biomarkers

To identify the most informative metabolic biomarkers,
SHAP analysis and assessment of internal feature importance
of the CatBoost model were used (Figure 1, Figure 2). Both
approaches indicated the leading role of carbohydrate metab-
olism and insulin resistance parameters in patient classifica-
tion, while anthropometric and lipid parameters had lesser
predictive significance.

Global feature importance (mean |SHAP|)

Glucose criterion
Glucose

HOMA-IR

Mean OGTT insulin
MetS components number
Weight

Mean OGTT glucose
HDL cholesterol
Metabolic index
Matsuda Index
Insulin

Triglycerides

AST

Waist circumference
LDL cholesterol

IL-10
Waist-to-height ratio
Age

TG/HDL ratio

BMI

0.0 01

072 03 0.4 05

mean(|SHAP value|) (average impact on model output magnitu

Figure 1. Global importance of metabolic biomarkers according to SHAP analysis.

SHAP analysis showed that the leading predictors for clas-
sification were the hyperglycemia criterion, fasting glucose

level, HOMA-IR index, OGTT parameters, and the number of

metabolic syndrome components. Inflammatory, lipid, and an-
thropometric parameters, as well as age, had lesser signifi-
cance.
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Despite differences in feature importance assessment meth-
odology, SHAP analysis and the internal feature importance
assessment of the CatBoost model demonstrated high con-
sistency of results. In both cases, the most informative features

were the hyperglycemia criterion, fasting glucose level,
HOMA-IR index, OGTT parameters, the number of metabolic
syndrome components, and body weight.

Top 20 CatBoost Feature Importances

Glucose criterion
Glucose

Weight

HOMA-IR

Mean OGTT insulin
Mean OGTT glucose
MetS components number
AST

Waist-to-height ratio
LDL cholesterol
Metabolic index
HDL cholesterol
Triglycerides

ALT

Waist circumference
BMI

TG/HDL ratio

WVAI

Matsuda Index

IL-10

10 15 20

Importance

Figure 2. Internal feature importance of the CatBoost model.

3.4. Interpretable Clinical Decision-Making
Model

Despite the high diagnostic performance of the CatBoost
model, its internal logic remains insufficiently transparent for
direct clinical interpretation. Therefore, a Decision Tree
model was constructed to visualize the decision-making pro-
cess (Figure 3), allowing the presentation of the feature selec-
tion sequence and the formulation of clinically interpretable
patient classification rules.

The constructed Decision Tree model showed that the pri-
mary criterion for patient classification is the presence of car-
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bohydrate metabolism disorders, reflected by the binary hy-
perglycemia indicator. In the absence of hyperglycemia, fur-
ther stratification was performed based on the HOMA-IR in-
dex, followed by consideration of anthropometric parameters.
In patients with carbohydrate metabolism disorders, addi-
tional classification was determined by age, Caro index, and
IL-10 levels.

The sequence of features used in the Decision Tree model
demonstrated consistency with the results of the SHAP analy-
sis and the internal importance assessment of the CatBoost
model. In all cases, carbohydrate metabolism parameters
played the leading role, while anthropometric parameters and
age were used primarily to refine patient classification. The
high interpretability of the tree structure allows this model to
be considered a clear tool for clinical decision support.
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Decision tree (depth 3)

Glucose criterion <= 0.5
gini = 0.5
samples = 100.0%
value = [0.5, 0.5]
class = Study group (0)

True

HOMA-IR <= 7.761
gini = 0.402
samples = 67.6%
value = [0.722, 0.278]
class = study group (0)

BMI <= 35.277
gini = 0.498
samples = 27.9%
value = [0.466, 0.534]
class = Oncology (1)

False

IL-10 <= 5.6
gini = 0.495
samples = 4.5%
value = [0.551, 0.449]
class = Study group (0)

Figure 3. Interpretable patient classification model using Decision Tree.

3.5. Individual Interpretation of Model
Decisions

For clinical application of the model, it is important to un-
derstand which features determined the classification outcome

for a specific patient (Figure 4). For this purpose, the SHAP
Waterfall method was used, allowing quantitative assessment
of each feature's contribution to the model's final decision. The
final value f(x) reflects the total impact of all features: the
higher this value, the higher the probability of the patient be-
longing to class 1, i.e., the group of patients with a newly di-

A

0 = glucose criterion

7.9 = mean OGTT glucose
90.1 = mean OGTT insulin
7.82 = HOMA-IR

5.3 = glucose

35.841 = BMI

0.8 = HDL-C

7.1 = IL-10 =31 pg/mL

2 = num_crit

85 = weight

09=TG

0.269 = AST/ALT ratio
33.2 = IRl 2.6-24.9 plu/mL
0 = TG criterion

1.6 = LDL-C

43.1 = age

1 = BMI criterion

0.597 = waist-to-height ratio
30.6 = insulin

11 other features

Patient from the group without cancer
fix) = -1.818

-0.52

0114
P+o1
Poo7
-0.06 4
-0.06 44
P o6
-0.054
-0.054
Poos
0054
-0.044

-0.044
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E[If(X)] * I0 325

T T T T T
-2.00 -1.75 -1.50 -1.25 -1.00 -075 -050 -0.25

Higher probability
of Cancer class (1)

Lower probability
of Cancer class (1)

agnosed oncological disease.

B Patient with newly diagnosed cancer
fix) =2.674
1 = glucose criterion +0.86
6.4 = glucose
14.316 = HOMA-IR 029
3 = num_crit B +o26
5=LDL-C P+o16
0.957 = Matsuda index Po1s
7.3 = mean OGTT glucose -0.11'
0.8 = HDL-C P+o09
19 = metabolic index P+o.08
50.33 = IRI 2.6-24.9 plUfmL p+o.07
29.744 = BMI -0.064
1.9 =TG }+oo6
0.657 = AST/ALT ratio +0.054
14 = ALT j-+o.05
3.842 = VAI }+o.02
0.127 = Caro index }+o0.04
143 = mean OGTT insulin }+o.04
1 = TG criterion |+0.04
46.8 = age j+o.04
11 other features Ppo1o
FIfiX)] = -0.325
05 00 0.5 10 15 2.0 25 30

Lower probability
of Cancer class (1)

Higher probability
of Cancer class (1)

Figure 4. Individual interpretation of model decisions using the SHAP Waterfall method. A — patient from the study group without oncological
disease; B — patient with a newly diagnosed oncological disease.
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For the patient in the study group, the final model function
value was negative (f(x) = —1.818), which corresponded to a
low probability of belonging to the oncology group. The great-
est influence on the final decision was exerted by the absence
of carbohydrate metabolism disorders, normal glycemic crite-
ria, relatively low mean glucose and insulin levels during
OGTT, and a low fasting glucose level.

For the patient with a newly diagnosed oncological disease,
the final model function value was positive (f(x) = 2.674),
which corresponded to a high probability of belonging to the
oncology group. The greatest contribution to the final decision
was made by the presence of the hyperglycemia criterion, el-
evated fasting glucose level, high HOMA-IR index, increased
number of metabolic syndrome components, and elevated
low-density lipoprotein levels.

Thus, SHAP Waterfall allows the physician not only to see

the model's final decision but also to determine which specific
metabolic disorders led to the classification of a particular pa-
tient into a high or low cancer risk group.

3.6. Direction of Associations of Metabolic
Biomarkers According to Elastic Net
Results

For additional interpretation of model-driven associations,
analysis of the standardized coefficients of the Elastic Net
model was performed. Unlike SHAP, this approach was used
not to assess global feature importance but to determine the di-
rection of association of each indicator with the model's linear
predictor, which determines the probability of a patient belong-
ing to the group with a newly diagnosed oncological disease.

ElasticNet - Feature Importance (Coefficients)

Caro index -

AST/ALT ratio

HDL cholesterol A
Immunoreactive insulin, 2.6-24.9 plU/mL
ALT 4

HOMA-IR A

IL-10 up to 31 pg/mL A
Age

Glucose criterion

Sex

BMI 4

BMI criterion A

AST 4

Triglycerides

LDL cholesterol

TG/HDL ratio A

FLI

Waist circumference criterion A
Waist-to-height ratio
Matsuda index

HDL cholesterol criterion
Weight

Waist circumference A
Metabolic index
Glucose A

Visceral obesity index A
Mean OGTT insulin A
Mean OGTT glucose
Triglyceride criterion A
num_crit 4

T

-2 =1

1 2
Coefficient value

W+
IS

Figure 5. Coefficients of the Elastic Net model characterizing the direction of association of features with the probability of patient belonging

to the group with newly diagnosed oncological diseases.

Analysis of the Elastic Net coefficients showed that the

greatest positive contribution to patient classification was
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made by the number of metabolic syndrome components,
mean insulin level during OGTT, visceral adiposity index,
glucose level, and insulin resistance parameters. Negative co-
efficients were noted for several anthropometric and meta-
bolic features; they should be interpreted considering the mul-
tivariate structure of the model and the relationships between
variables.

Overall, the analysis of the Elastic Net coefficients demon-
strated consistency with the results of SHAP, CatBoost Fea-
ture Importance, and Decision Tree, reproducibly highlighting
a similar set of the most informative metabolic parameters.

3.7. Analysis of the Distribution of the Most
Informative Metabolic Biomarkers

To confirm the results obtained using interpretable machine
learning models, a comparative analysis of the distribution of
the most informative metabolic biomarkers in patients from
the study group and patients with newly diagnosed oncologi-
cal diseases was performed (Figure 6).

A Fasting glucose level B Insulin resistance index (HOMA-IR)
5 [l 20
¥ ] Study group (0) — [ Study group (0)
14 - ] Oncological diseases (1) 184 [2J Oncological diseases (1)
PP ] S
2 104 S 124
2 |4
2 8- |8 10
k] k]
S 4- g 9 //
[ & I & 4 4 7
2' |
2 -
< =
| ol =EHD l PRI = S o S Y ==
35 40 45 50 55 60 65 70 75 80 85 90 0 5 10 15 20 25 30 35 40 45 50 55 60 65 70
Fasting glucose, mmol/L HOMA-IR
C Mean insulin level during OGTT ' D Integral indicator of metabolic disorders (num_crit)
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—’ [] Study group (0) ‘ — (= ] Study group (0)
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Number of pathological criteria (num_crit)

Figure 6. Distribution of the most informative metabolic biomarkers in patients of the study group and patients with newly diagnosed onco-
logical diseases. A — fasting glucose level; B— HOMA-IR index; C—mean insulin level during OGTT; D — indicator of the number of metabolic

syndrome components.

The distribution analysis confirmed the results obtained by
interpretable machine learning methods. Patients in the oncol-
ogy group were characterized by a shift in the distributions of
fasting glucose, HOMA-IR, and mean insulin level during
OGTT towards higher values, reflecting hyperglycemia, insu-
lin resistance, and hyperinsulinemia. A similar trend was
found for the number of metabolic syndrome components:
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values of 1-2 predominated in patients of the study group,
whereas 3—4 pathological criteria were more frequently regis-
tered in patients with newly diagnosed oncological diseases.

The obtained results are consistent with the data from SHAP,
CatBoost, Decision Tree, and Elastic Net and confirm the
leading role of carbohydrate metabolism disorders and insulin
resistance in patient classification.
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4. Discussion

The present study showed that interpretable machine learn-
ing methods allow not only effective classification of patients
with newly diagnosed oncological diseases but also the iden-
tification of key metabolic biomarkers associated with the on-
cological process. The high consistency of results obtained us-
ing SHAP, CatBoost, Decision Tree, and Elastic Net indicates
the reproducibility of the identified patterns. Regardless of the
algorithm used, the leading predictors were indicators of car-
bohydrate metabolism and insulin resistance, including the
hyperglycemia criterion, fasting glucose level, HOMA-IR in-
dex, OGTT parameters, and the number of metabolic syn-
drome components.

The results obtained are consistent with current concepts of
metabolic carcinogenesis, according to which insulin re-
sistance and hyperinsulinemia are key mechanisms linking
visceral obesity to the development of malignant neoplasms
[7-12]. The higher diagnostic significance of carbohydrate
metabolism indicators compared to anthropometric character-
istics suggests that functional metabolic disorders reflect can-
cer-metabolic risk more fully than quantitative obesity assess-
ment [7, 8, 11].

Unlike most published studies [4, 5, 13, 14], which are pre-
dominantly based on demographic and general clinical data,
the present study was focused on the analysis of specialized
metabolic biomarkers. The use of several complementary in-
terpretation methods allowed not only to achieve high classi-
fication quality but also to explain the contribution of each
feature at both the population and individual levels, expanding
the possibilities for using the developed model as a clinical
decision support system [14, 15].

5. Study Limitations

The present study has several limitations. First, it was con-
ducted at a single center, limiting the generalizability of the
results to other populations. Second, the relatively small sam-
ple size did not allow for analysis of individual localizations
of malignant neoplasms. Third, the retrospective design of the
study does not allow assessment of the predictive performance
of the model and requires its subsequent prospective and ex-
ternal validation in independent patient cohorts. Future exter-
nal validation and reporting should follow current TRI-
POD+AI recommendations for regression- and machine-
learning-based clinical prediction models [15].

6. Conclusion

An interpretable machine learning model was developed for
the classification of patients with newly diagnosed oncologi-
cal diseases based on a panel of metabolic biomarkers. Re-
gardless of the interpretation method used, the leading predic-
tors were indicators of carbohydrate metabolism and insulin
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resistance, including the hyperglycemia criterion, fasting glu-
cose level, HOMA-IR index, OGTT parameters, and the num-
ber of metabolic syndrome components.

The obtained results indicate that functional disorders of
carbohydrate metabolism have greater diagnostic significance
than traditional anthropometric parameters and can be consid-
ered promising metabolic biomarkers for early stratification
of cancer-metabolic risk. The use of interpretable machine
learning methods allows not only patient classification but
also explanation of the contribution of each biomarker to the
model's decision, increasing trust in the model and creating
prerequisites for its use in clinical decision support systems.
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