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Abstract: Reliable condition assessment of power transformers is crucial for maintaining the stability and
efficiency of electrical power systems. This study presents an enhanced data-driven approach for predicting
the Transformer Health Index (HI) using optimized Extreme Gradient Boosting (XGBoost) and comprehensive
oil diagnostic parameters, including dissolved gases, moisture, DBDS concentration, and interfacial voltage. A
dataset comprising 470 laboratory records was preprocessed through outlier removal, normalization, and
feature selection to ensure model robustness. The optimized XGBoost model achieved a high coefficient of
determination (R2 = 0.876), a mean squared error (MSE = 6.91), and a mean absolute error (MAE = 1.21),
outperforming other machine learning baselines. The results confirm the effectiveness of XGBoost in accu-
rately modeling transformer health and provide a reliable foundation for predictive maintenance and asset
management in power transformer fleets.

Keywords: Power transformers, health index, oil diagnostics, dissolved gas analysis (DGA), XGBoost, ma-

chine learning, predictive maintenance.

1. INTRODUCTION

Power transformers are vital and high-
cost assets in electrical power systems. Their
unexpected failures may cause severe power
interruptions, equipment damage, and signifi-
cant economic losses. Therefore, ensuring
their reliable operation requires continuous
condition monitoring and accurate assess-
ment of insulation health. Traditionally, trans-
former condition assessment relies on oil
diagnostics such as dissolved gas analysis
(DGA), dielectric strength, interfacial tension,
and moisture content. These parameters
provide essential insights into insulation deg-
radation; however, conventional interpreta-
tion methods such as the Duval Triangle,
Rogers Ratio, and IEC 60599 standard de-
pend heavily on expert knowledge and fixed
empirical thresholds [1], [2]. Moreover, they
fail to capture the nonlinear physicochemical

interactions within transformer oil.
To overcome these limitations, recent re-
search has shifted toward data-driven and
machine learning (ML) techniques capable of

automatically identifying complex degradation
patterns from diagnostic data [3]-[5]. Early
studies using Artificial Neural Networks
(ANNs) achieved improved prediction of the
Health Index (HI) based on gas concentra-
tions [3], [4], but these models often required
large datasets and careful tuning to avoid
overfitting. Similarly, Random Forest (RF)
and Support Vector Machine (SVM) algo-
rithms have been applied for fault diagnosis
and condition monitoring [6]-[9]; however,
they still suffer from limited interpretability
and difficulty handling highly nonlinear fea-
ture interactions.

More recently, ensemble gradient boosting
algorithms, particularly Extreme Gradient
Boosting (XGBoost) and LightGBM, have
emerged as powerful tools for predictive
maintenance. Their ability to handle hetero-
geneous data, integrate regularization, and
maintain high accuracy at low computational
cost has made them attractive for transformer
diagnostics [10], [11]. Studies using gradient
boosting frameworks have demonstrated
superior performance in predicting oil quality,
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fault probabilities, and transformer health
indices compared to traditional ML methods
[12]-[14]. In addition, the rise of Explainable
Artificial Intelligence (XAl) has improved
model transparency through methods such
as SHAP and LIME, enabling experts to in-
terpret and validate data-driven decisions in
the context of known physical degradation
mechanisms [15], [16].

Despite these advances, the combined use
of optimized XGBoost and SHAP-based in-
terpretability remains underexplored for
guantitative HI prediction. This paper propos-
es an optimized XGBoost-SHAP framework
that integrates comprehensive oil diagnostic
featuresincluding dissolved gases, moisture,
DBDS concentration, and interfacial voltage
to enhance prediction accuracy and inter-
pretability. Comparative analysis against
ANN and RF baselines demonstrates the
superiority of the proposed model in reliability
and explainability.

The remainder of this paper is organized as
follows. Section 2 presents the proposed
methodology and model development. Sec-
tion 3 details the experimental setup and
validation. Section 4 discusses the results
and analysis, and Section 5 concludes the
study and outlines future research directions.

2. METHODOLOGY

The proposed methodology aims to devel-
op an intelligent and interpretable model for
predicting the Health Index (HI) of power
transformers using oil diagnostic and dis-
solved gas analysis (DGA) data. The frame-
work combines advanced data preprocessing,
optimized machine learning modeling, and
explainable artificial intelligence (XAl) tech-
nigues to ensure accuracy, robustness, and
interpretability. The complete methodological
framework is summarized in Figure 1.
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Fig. 1. Block diagram of the proposed health index
prediction methodology

A. Data Description :

The dataset employed in this study origi-
nates from publicly available transformer oil
diagnostic records on [17]. It comprises 470
laboratory measurements collected from
power transformer oil testing reports. Each
sample includes 15 numerical parameters
describing both dissolved gas concentrations
and physicochemical oil properties, such as
Hydrogen (H.), Oxygen (O;), Nitrogen (N.),
Methane (CH,), Carbon Monoxide (CO), Car-
bon Dioxide (CO,), Ethylene (C,H,), Ethane
(C,Hg), Acetylene (C,H,), Dibenzyl Disulfide
(DBDS), Power Factor, Interfacial Voltage,
Dielectric Rigidity, and Moisture Content.

The Health Index (HI) values were provided
within the dataset as part of the original diag-
nostic reports. They represent an integrated
evaluation of transformer condition, calculated
by laboratory experts according to industry
standards such as IEC 60422 and IEEE
C57.104, which account for insulation degra-
dation, gas generation, and contamination
levels.

This ensured that the predictive model re-
lied on authentic and expert-assessed
ground-truth labels, reflecting real transformer
health conditions rather than synthetic or
estimated scores.

B. Data Preprocessing:

To ensure model reliability and generaliza-
tion, several preprocessing steps were ap-
plied to the dataset:

= Qutlier Removal: Extreme and incon-

sistent readings were filtered using in-
terquartile range (IQR) analysis.

= Missing Data Handling: Missing values

were imputed using median substitution
to preserve distribution characteristics.

= Feature Normalization: All features

were standardized using the Z-score
normalization to achieve zero mean
and unit variance.

= Data Partitioning: The cleaned dataset

was split into 80% training and 20%
testing subsets using random shuffling
to prevent bias.

These steps ensured that the data were
consistent, balanced, and suitable for ma-
chine learning model development.

C. XGBoost Model Development:

The Extreme Gradient Boosting (XGBoost)
algorithm was selected as the core predictive
model due to its strong capability in capturing
complex, nonlinear relationships among diag-
nostic parameters. XGBoost is an ensemble-
based boosting algorithm that builds a series
of regression trees sequentially, where each
new tree is trained to minimize the residuals
of the previously built ensemble. Unlike tradi-
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tional gradient boosting, XGBoost introduces
regularization, parallel computation, and tree
pruning, which significantly enhance both the
generalization performance and computation-
al efficiency.Mathematically, the model pre-
diction for a given input sample x; is defined
as:

Y= Ziea fux), fi € (F) 1)

Where : F represents the space of regression
trees, f, (x;) is the prediction from the k",
and K denotes the total number of trees.

The objective function to be minimized is
expressed as:

L(#) = T 1. 7) + Zk- () )

Where : I(y,7,) is the loss function (Mean
Squared Error in this study), and Q(f;) is a
regularization term that penalizes model
complexity and prevents overfitting. The regu-
larization term is defined as:

Q(f) = yT+35 AT, o} (3)

where : T is the number of leaves in the tree,
w; denotes the leaf weights, and y ,A are reg-
ularization coefficients that control sparsity
and shrinkage.

The model hyperparameters including num-
ber of estimators, learning rate, maximum
tree depth, subsample ratio, and colsam-
ple_bytree were optimized through grid
search cross-validation to minimize the Mean
Squared Error (MSE) on the validation set.
This optimization process ensured a stable
balance between bias and variance, achiev-
ing precise and generalizable predictions of
transformer health conditions.

The choice of XGBoost was motivated by its
scalability, robustness to multicollinearity, and
built-in handling of missing data, making it
particularly suitable for real-world transformer
diagnostic applications where the data may
exhibit nonlinear interactions among dis-
solved gas and oil parameters. Its combina-
tion of high predictive accuracy and interpret-
ability through SHAP integration positions
XGBoost as an advanced, reliable framework
for predictive maintenance in power trans-
formers.

D. SHAP Explainability Integration :

To enhance model interpretability, SHAP
(SHapley Additive exPlanations) analysis
was integrated into the workflow.

SHAP provides both global and local expla-
nations of the XGBoost model by quantifying

each feature’s contribution to the predicted
HI.
* Global Interpretability: Identifies
which diagnostic parameters have the
strongest influence across the entire da-
taset (e.g., DBDS, moisture, acetylene).
* Local Interpretability: Explains indi-
vidual predictions, showing how specific
parameter combinations affect the
transformer’'s estimated health condi-
tion.
This integration bridges the gap between
high-performance modeling and engineering
interpretability, enabling domain experts to
understand why a specific transformer is
predicted to have a lower health score.

3. EXPERIMENTAL PROCEDURE :

A. Dataset Description and Statistical Analysis:

The experimental validation was conducted

using a transformer oil diagnostic dataset
composed of 470 laboratory records, each
containing 15 numerical features and a cor-
responding Health Index (HI) value. The at-
tributes include dissolved gases (H,, CH,,
C,H,, C,H,, CO, CO,), physicochemical
properties (moisture, power factor, interfacial
voltage, dielectric rigidity), and sulfur com-
pounds such as Dibenzyl Disulfide (DBDS).
A preliminary statistical analysis was per-
formed to identify feature distributions and
relationships with the Health Index. Figure 2
illustrates the statistical distribution of the
Health Index (HI) values across all samples.
showing that the majority of samples lie with-
in the moderate to healthy range (HI between
60 and 90), whereas a smaller portion exhib-
its low HI values, indicating degraded insula-
tion or aging oil condition.
This distribution confirms that the dataset
covers a broad spectrum of transformer
states, which enhances the robustness of the
trained predictive model.

Statistical Distribution of Transformer Health Index Values

\

Frequency
@
3

40 50 60 70 80
Health Index (HI)

Fig. 2. Statistical distribution of transformer Health
Index values.
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B. Feature Engineering and Selection:

Data preprocessing involved removing
outliers, normalizing the features using the
StandardScaler technique, and verifying data
consistency. A correlation analysis was then
conducted to identify redundant variables and
highlight the most relevant diagnostic indica-
tors affecting the transformer Health Index
(HI.

The Figure 3 illustrates the Pearson corre-
lation coefficients among the diagnostic fea-
tures and the Health Index. where that the
analysis reveals that (hydrogen), (methane),
and (ethylene) show moderately strong posi-
tive intercorrelations (r = 0.70-0.75), reflect-
ing their simultaneous increase under ther-
mal fault conditions. A slight negative corre-
lation was found between (hydrogen) and
(HI) (r = —0.42), suggesting that elevated gas
generation is associated with aging or incipi-
ent faults.

Other parameters such as (DBDS, moisture
content, and interfacial voltage) displayed
weaker but still relevant associations with HI,
confirming their role in insulation degradation
and dielectric weakening.

These findings guided the feature-selection
process: redundant gas variables were re-
duced, and only the most physically mean-
ingful and informative features primarily
(DBDS, moisture, and interfacial voltage)
were retained for the XGBoost model to en-
sure both stability and interpretability.

Feature C for oil

Fig.3. Correlation heatmap of oil diagnostic pa-
rameters and Health Index

C. Model Training and Hyperparameter
Optimization:

The XGBoost regression model was trained
using 80% of the dataset, with the remaining
20% reserved for testing. Key hyperparame-
ters including the number of estimators,
learning rate, maximum tree depth, subsam-
ple ratio, and colsample bytree were opti-
mized through a grid search cross-validation
procedure to minimize the Mean Squared
Error (MSE) on the validation set.

This optimization ensured an appropriate
trade-off between bias and variance, allowing
the model to achieve stable and accurate
generalization performance. The final opti-
mized configuration was then employed to
perform detailed interpretability analysis us-
ing SHAP (Shapley Additive Explanations) in
the subsequent section. This explainability
step enabled both global and local under-
standing of how diagnostic features influence
transformer health predictions.

4. RESULTS AND DISCUSSION

This section presents the quantitative re-
sults obtained from model evaluation, fol-
lowed by an in-depth interpretability analysis
using SHAP to better understand the influ-
ence of each diagnostic parameter on trans-
former health. The optimized XGBoost re-
gression model was trained and evaluated on
the processed transformer oil diagnostic da-
taset to predict the Transformer Health Index
(HI). The obtained performance metrics
demonstrate the model's strong predictive
capability, achieving a coefficient of determi-
nation (R?) of 0.8758, a mean squared error
(MSE) of 6.91, and a mean absolute error
(MAE) of 1.21. These values indicate a close
correlation between the predicted and actual
HI, confirming the robustness and generaliza-
tion of the proposed approach.

A. Model Performance Evaluation:

To evaluate the predictive accuracy of the
model, a comparison between the actual and
predicted Health Index values was conduct-
ed.

The scatter plot in Figure 4 shows that most
points are closely aligned along the ideal
diagonal line (y = x), indicating high con-
sistency between measured and estimated
values.This agreement validates that the
optimized XGBoost model effectively cap-
tures the nonlinear dependencies among
dissolved gases, moisture, and other oil di-
agnostic indicators.

XGBoost Prediction (R4 = 0.876)

20 -

- &

.
b

Predicted Health Index

40 A o

a0 50 60 70 80 90
Actual Health Index

Fig. 4. Actual vs Predicted Health Index values
using optimized XGBoost model.
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B. Feature Importance Analysis:

To interpret the model's decisions, SHAP
analysis was performed. Figure 5 displays
the mean absolute SHAP values, highlighting
the most influential features contributing to
the health index prediction. The DBDS con-
centration, moisture content, and acetylene
(C,H,) were identified as the top three pre-
dictors. This finding aligns with physical deg-
radation mechanisms, as high DBDS and
moisture levels are known to accelerate cop-
per sulfide formation and cellulose aging,
while elevated acetylene indicates thermal
faults.

nitrogen |
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coz I
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Water content [
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pielectric rigidity [ N NN
Hydrogen
tthane I
power factor | NNRNRREEN
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mean(|SHAP value]) (average impact on model output magnitude)

Fig. 5. Mean absolute SHAP values showing
the most influential diagnostic features.

C. Global Feature Contribution :

The overall impact of each feature across all

transformer samples is depicted in Figure 6.
Each point represents the SHAP value of a
feature for a specific record, while the color
scale indicates the relative feature magnitude.
Results reveal that higher DBDS and moisture
levels systematically decrease the Health
Index, confirming their negative effect on olil
condition.
This global interpretability analysis demon-
strates that the XGBoost model captures both
linear and nonlinear relationships that are
physically meaningful in transformer aging
processes.
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Fig. 6. SHAP summary plot displaying global feature
contributions to HI prediction.
D. Local Feature Interaction (SHAP Dependence
Analysis):
To further investigate how a single diagnos-
tic variable influences the Health Index, Figure

7 explores the local dependency between
DBDS concentration and predicted HI values.
A clear negative trend is observed: transform-
ers with higher DBDS levels tend to exhibit
lower Health Index scores. This pattern re-
flects real-world chemical degradation, where
sulfur compounds catalyze the formation of
conductive deposits and accelerate insulation
deterioration.

Such localized SHAP interpretations en-
hance the transparency of the model and
strengthen confidence in its diagnostic validity.
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Fig. 7. SHAP dependence plot showing the interac-
tion between DBDS concentration and predicted HI.

E. Comparative Analysis with Other Models:

To further evaluate the robustness of the
proposed XGBoost model, two additional
machine learning algorithms Random Forest
(RF) and Artificial Neural Network (ANN) were
implemented under the same experimental
conditions. Their performance metrics are
summarized in Table 1.

Table 1. Comparison of model performance metrics
for transformer health index prediction.

Model R2 MSE MAE
XGBoost 0.8758 6.91 121
Random Forest  0.7949 11.41 1.89
ANN 0.7896 11.70 1.92

From the results, the optimized XGBoost

model clearly outperforms both RF and ANN,
achieving the highest R2 and lowest error
values.
This improvement of approximately 10% in R2
and a reduction of around 35% in MSE
demonstrates its superior learning capability
and generalization power.

The Random Forest model produced stable
but less accurate predictions, while the ANN
model exhibited slightly higher errors, likely
due to limited data volume and hyperparame-
ter sensitivity.

Overall, these results validate the robustness
and efficiency of the proposed XGBoost—
SHAP framework for reliable transformer
health assessment.
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F. Discussion:

The combination of optimized XGBoost and
SHAP explainability provides a powerful and
interpretable framework for transformer health
index prediction. The superior performance of
XGBoost compared to conventional machine
learning and neural network models confirms
its strong generalization ability and suitability
for complex nonlinear relationships.

Moreover, the integration of SHAP enhanc-
es interpretability by quantifying the contribu-
tion of each oil diagnostic parameter to the
health index, enabling engineers to identify
degradation mechanisms in a physically
meaningful way. This synergy between pre-
diction accuracy and interpretability positions
the proposed model as a valuable tool for
condition-based maintenance and predictive
asset management in modern transformer
fleets.

6. CONCLUSION

This study presented a data-driven frame-
work for predicting the Health Index (HI) of
power transformers using comprehensive oil
diagnostic parameters, including dissolved
gases, moisture content, DBDS concentra-
tion, and interfacial voltage.

The optimized XGBoost model achieved
superior performance compared to Random
Forest and Artificial Neural Network algo-
rithms, with notable predictive accuracy (R2 =
0.876, MSE = 6.91, MAE = 1.21). Its ability to
capture nonlinear relationships among diag-
nostic indicators demonstrates strong gener-
alization and practical reliability. The incorpo-
ration of SHAP analysis further enhanced
interpretability by identifying DBDS, moisture,
and acetylene (C,H,) as the most influential
features affecting transformer health. Hence,
the proposed XGBoost-SHAP framework
provides a transparent and reliable solution
for predictive maintenance and asset man-
agement.

Future work will aim to integrate this frame-
work into real-time, loT-based monitoring
systems for adaptive and intelligent decision-
making in smart substations.
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