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ABSTRACT Driven by deregulation and the widespread adoption of renewable energy, the electricity
retail market exhibits significant coupling among price volatility risks, load uncertainty risks, and market
settlement risks faced by power retailers. Traditional risk assessment methods based on parametric
assumptions and linear approximations struggle to capture nonlinear interactions between risk factors,
while insufficient model interpretability limits decision-makers’ trust in and adoption of early warning
outcomes. This study proposes a risk assessment framework for electricity retail markets employing
an improved CART decision tree algorithm. By constructing a three-dimensional risk indicator system
encompassing wholesale price fluctuations, user-side load characteristics, and power retailer transaction
behaviors, the model utilizes the Gini coefficient minimization criterion to achieve recursive segmentation
of risk features and optimization of node purity. The analysis identifies three primary risk drivers —
day-ahead-to-real-time price differentials, peak-to-valley load ratios, and medium-to-long-term contract
proportions — with a cumulative contribution rate of 46.9%. In binary risk prediction tasks, the model
achieved an accuracy of 87.8% =+ 2.1%, recall of 84.5% + 2.8%, and F1 score of 86.1% + 2.3%
on the test set, surpassing logistic regression and support vector machines by 9.8 and 7.2 percentage
points respectively. Through decision path tracing and rule extraction, the model generates explicit risk
assessment rules providing actionable mitigation strategies for power retailers. The study demonstrates
that decision tree algorithms offer significant advantages in balancing predictive accuracy and model

transparency, effectively supporting dynamic risk management in electricity retail markets.
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I. INTRODUCTION
The ongoing deregulation of the power industry has pro-
gressively opened the retail market to a diverse range of par-
ticipants. As intermediaries linking wholesale markets with
end-users, electricity retailers’ operational stability directly
impacts both the overall efficiency of the power system and
consumer electricity costs. However, the intermittent and
volatile nature of renewable energy generation in wholesale
markets is transmitted to the retail sector through price
signals from day-ahead markets and real-time balancing
markets. Combined with the effects of retail tariff pricing
mechanisms and medium-to-long-term contract structures,
electricity retailers now face a complex risk profile encom-
passing market risks, credit risks, and operational risks.
From the perspective of risk source structure, the for-
mation mechanism of risks in the electricity retail market
comprises at least three interconnected tiers. The first tier
involves exogenous shocks to wholesale price signals: rising
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renewable energy penetration has led to frequent price peaks
and negative pricing in day-ahead markets, with intraday
price volatility significantly widening compared to the era
dominated by thermal power. The second tier reflects en-
dogenous amplification effects in retail contract structures —
when power retailers fail to balance electricity allocation
between medium/long-term and spot markets, wholesale
price fluctuations are amplified through contractual leverage
into substantial profit variations for retailers. The third tier
stems from uncertainties in user-side load behavior; the
widespread adoption of distributed photovoltaics and large-
scale integration of electric vehicles have substantially in-
creased errors in traditional load forecasting models, thereby
influencing power retailers’ day-ahead bidding strategies.
These three risk dimensions span time scales ranging from
hourly to annual levels, exhibiting both synergistic interac-
tions and offsetting effects, collectively forming a highly
complex nonlinear dynamic system.
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In addressing these complexities, research in both
academia and industry has witnessed a paradigm shift in
electricity market risk assessment approaches — from para-
metric statistical models to data-driven machine learning
models. Early studies primarily relied on financial risk
measurement tools such as risk value and conditional risk
value, characterizing market risk exposure by assuming
price returns follow normal or fat-tailed distributions. These
methods, however, suffer from strong sensitivity to distribu-
tion assumptions, while actual electricity price series often
exhibit statistical features like multimodality, heteroscedas-
ticity, and long memory, making them ill-suited for effective
modeling with single-parameter families. Subsequent devel-
opments in scenario tree models and stochastic program-
ming approaches have improved uncertainty representation
capabilities to some extent, but the computational burden
grows exponentially with increasing number of scenarios,
necessitating trade-offs between modeling granularity and
computational feasibility in practical applications.

In recent years, machine learning methods have garnered
increasing attention in the fields of electricity market price
forecasting and risk identification. Sinha N et al. compared
the performance of regression decision trees, recurrent neu-
ral networks, and ARIMA models in the ERCOT electricity
price forecasting task, demonstrating that regression deci-
sion trees achieved superior prediction accuracy on datasets
with high volatility [1]. Zheng S et al. developed an enter-
prise operational risk early-warning model using decision
tree algorithms and large-scale electricity data, achieving
accuracy rates of 61.6%, 85.6%, 89.3%, and 91.6% across
four different training periods, thereby validating the effec-
tiveness of decision trees for risk classification in power
companies [2]. Jafferi J et al. proposed an adaptive weighted
loss function for detecting high-risk events in the electricity
retail market based on gradient boosting decision trees,
achieving an F1 score of 0.89 on a dataset containing 35,000
transaction records [3].

The risk exposure of electricity retailers is significantly
influenced by their medium-to-long-term contract structures
and spot market participation strategies. The retail pricing
strategy based on medium-to-long-term contract decompo-
sition proposed by Nizami M et al. demonstrates an optimal
equilibrium between contract composition and spot market
participation rates; deviations from this equilibrium substan-
tially amplify the impact of wholesale price fluctuations on
retail profits [4]. Chen B et al. developed a comprehensive
risk early-warning system for electricity retailers using data-
driven methods, validating the model’s effectiveness across
datasets from six companies of varying sizes [5]. From a
macro perspective, research identifying key uncertainties
in U.S. retail electricity sales dynamics reveals nonlinear
correlations between macroeconomic indicators and retail
electricity volumes, which are transmitted to retailers’ day-
ahead bidding strategies through load forecasting errors [6].
In risk management, Wenjie F proposed a rule-matching-
based early-warning framework addressing risk control in
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power marketing audit systems, providing institutional guid-
ance for internal risk management [7]. Domestic scholars
have integrated user profile analysis into risk warnings for
power marketing request tickets, enhancing alert timeliness
through combined clustering and classification approaches
[8]. Jia X et al. introduced a distributed robust two-layer
optimization model for wholesale market design, offering
theoretical support for optimizing retail-side contract strate-
gies [9]. In electricity market forecasting, a combined model
integrating feature-based distance stacker autencoders and
linear regression has been employed for risk assessment,
demonstrating robust dimensionality reduction capabilities
when handling high-dimensional feature spaces [10]. For
price spread arbitrage, an event-aware decision framework
monitors real-time price differences between day-ahead and
spot markets, providing quantitative guidance for power
retailers’ transaction timing decisions [11]. Additionally,
the CatBoost algorithm has proven superior to traditional
gradient boosting methods in predicting market competition
dynamics across datasets involving multiple market partici-
pants [12].

In terms of interpretability, decision trees have gained
favor among researchers in power system safety assessment
due to their inherent capability for rule extraction. Data-
driven approaches based on decision trees have been applied
to contingency classification tasks in real-time economic dis-
patching with safety constraints, helping dispatchers under-
stand model decision-making rationale by extracting explicit
decision rules [13]. Scholars have also employed decision
trees to address interpretability challenges in reinforcement
learning-based control strategies for distribution network
fault recovery, demonstrating the transparency of tree mod-
els in complex power system scenarios [14]. Furthermore,
a review on Al applications in power system safety and
stability analysis systematically highlights the critical role
of interpretability in this field [15]. In electricity price
forecasting, comparative studies combining various machine
learning algorithms with LIME methods for interpretability
analysis further validate the practical applicability of rule ex-
traction techniques [16]. For weak grid risk early warning in
high-penetration distributed resource environments, a rule-
based framework utilizing decision trees directly generates
warning rules from operational data, providing practical
guidance for method design in this study [17]. These studies
establish a robust methodological foundation for applying
decision trees in risk assessment within the retail power
market.

It is noteworthy that while most existing research focuses
on wholesale market price forecasting or operational risk
assessment for power generation companies, studies specif-
ically addressing retail-side risk evaluation for electricity
retailers — a distinct market entity — remain relatively
limited. Electricity retailers exhibit unique risk exposure
characteristics: their returns depend simultaneously on both
wholesale electricity procurement costs and retail sales
revenues, with each side subject to different market mech-
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anisms and sources of uncertainty. Furthermore, their risk
tolerance and preferences vary significantly across entities;
companies of different sizes demonstrate notable differences
in contractual strategies, customer profiles, and risk manage-
ment resources. This necessitates risk assessment methods
that not only achieve high predictive accuracy but also
provide tailored decision-support insights.

Based on the above analysis, this paper proposes a risk
assessment framework for the electricity retail market based
on the CART decision tree algorithm, with three main
contributions: first, it establishes a three-dimensional risk
indicator system covering the wholesale side, retail side,
and user side, systematically reflecting the diverse sources
of risks in the electricity retail market; second, it introduces
a feature importance ranking mechanism based on the Gini
coefficient into the decision tree model to identify and
quantify the relative contribution of each risk factor; third, it
derives actionable explicit risk judgment rules through deci-
sion path tracing, providing tiered risk mitigation strategies
for electricity retailers with varying risk preferences.

Il. RISK ASSESSMENT FRAMEWORK AND INDICATOR
SYSTEM FOR THE ELECTRICITY RETAIL MARKET

A. OVERALL DESIGN OF THE RISK ASSESSMENT
FRAMEWORK

The core task of risk assessment in the retail electricity
market can be formally stated as: given a power retailer’s
historical operational data and market environment data at
time ¢, determine whether it will enter a high-risk state at
time ¢ + 1. This is a classic binary classification supervised
learning problem, with its feature space comprising mul-
tidimensional risk indicators and label space consisting of
low-risk and high-risk categories.

The risk assessment framework proposed in this paper
comprises four functional modules. The Data Collection and
Preprocessing module extracts raw data from power trading
centers, internal systems of electricity retailers, and public
meteorological sources, performing missing value handling,
outlier detection, and standardization transformations. The
Feature Engineering module constructs risk indicators from
the raw data based on domain knowledge, conducting pre-
liminary feature screening through correlation analysis and
variance filtering. The Decision Tree Modeling module uses
the preprocessed feature set as input to train a classifica-
tion model using the CART algorithm, generating both a
feature importance ranking and a decision rule set. The
Risk Assessment and Early Warning module generates alert
signals based on the model’s predicted risk probabilities and
predefined thresholds, while also providing risk traceability
information alongside decision path analysis.

The core philosophy of this framework is to transform
black-box risk assessment into a traceable and interpretable
decision-making process. Compared with methods such as
neural networks, decision tree models can present their
decision logic in an explicit tree structure upon completion
of training, ensuring that risk assessment results are not
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merely probability values but rather a set of judgment rules
understandable and verifiable by business personnel.

B. CONSTRUCTION OF THE RISK INDICATOR SYSTEM
The selection of risk indicators directly determines the
model’s ability to characterize risk states. Based on the
three primary sources of risk in the electricity retail market,
this paper develops a three-dimensional indicator system
comprising 12 core metrics.

Wholesale-side risk indicators reflect the uncertainty in
electricity purchasing costs for power retailers within whole-
sale markets. The difference between day-ahead and real-
time electricity prices serves as the key variable for arbitrage
transactions, with its volatility directly determining the
profit/loss potential of day-ahead pricing strategies. This
paper defines the spread ratio as the difference between day-
ahead and real-time electricity prices divided by the day-
ahead price, thereby eliminating the impact of varying ab-
solute price levels across periods. Additionally, wholesale-
side indicators include day-ahead price volatility (defined as
the ratio of the standard deviation to the mean of day-ahead
prices over the past seven trading days) and the proportion of
renewable energy generation, which characterize the indirect
impact of renewable output fluctuations on prices.

The retail-side risk indicators characterize the risk expo-
sure arising from power retailers’ contract structures and
pricing strategies. The proportion of medium-to-long-term
contracts is one of the most critical indicators; while an
excessively high proportion can lock in certain revenues,
it also means forgoing profit opportunities during low-
price periods in the spot market. The distribution of retail
tariff packages measures the ratio of users under fixed-rate
tariffs to those under time-of-use tariffs, with significant
differences in revenue elasticity across package types when
facing wholesale price fluctuations. Power retailer size is
incorporated into the indicator system as the logarithm of
annual electricity sales volume to control the impact of
economies of scale on risk tolerance.

User-side risk indicators capture the uncertainty in end-
users’ electricity consumption behavior. The load peak-to-
valley ratio, defined as the ratio of daily maximum load to
daily minimum load, reflects the steepness of the user’s load
curve; a higher ratio indicates greater purchasing pressure
on power suppliers during peak hours. The load forecasting
error is the ratio of the difference between the previous-
day forecasted load value and the actual load value to
the actual value, serving as a direct measure of user-side
uncertainty. User concentration is measured as the propor-
tion of the maximum electricity consumption per household
to the total electricity sold; higher concentration means
that fluctuations in individual users’ loads have a greater
impact on the overall risk for power suppliers. Table 1
summarizes the composition and calculation methods of this
three-dimensional indicator system.
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TABLE 1. Risk Assessment Indicator System for the Electricity Retail Market

Dimension Name of index Account form

Data sources

Wholesale Side Recently—Real-time Price Difference

Rate

Wholesale Side Recent fluctuations in electricity price o (Ppa, 7d)/u(Ppa, 7d)
volatility

Wholesale Side Proportion of new energy generation  (Pyind + Psolar)/Protal
capacity

Retail Side Proportion of medium-to-long-term Qmedium/Qtotal
contracts

Retail Side Proportion of users with fixed electric- Nrixed /Ntotal

ity prices

Retail Side Size of electricity retail companies

In(Qannual)

(Ppa — Prr)/Ppa

Electricity Trading Center’s recent/real-time market data
Market data from the Power Trading Center recently

Daily Report on New Energy Generation Output from the
Power Grid Dispatching Center

Electricity Sales Company Contract Management System

Electricity Sales Company Marketing Management System

Annual Report of the Financial System of Electricity Retail

Companies
User Side Load Peak-to-Trough Ratio Pyeax/ Pualley Daily Load Curve of the Electricity Information Collec-
tion System
User Side Load Prediction Error (Prorecast — Pactual)/ Pactual Power Retail Company’s Load Prediction System
User Side User Concentration Qmax/Qtotal Electricity Sales Company Marketing Management System
User Side Monthly Growth Rate of Electricity (Qt — Qt—1)/Qt—1 Monthly Report of the Electricity Information Collection
Consumption System
Market Market Supply-Demand Ratio Ssupply / Ddemand Electricity Trading Center Market Supply and Demand Daily
circumstances Report
Market Fuel Price Index Bohai Rim Thermal Coal Price In-  Qinhuangdao Maritime Coal Trading Market

circumstances dex (BSPI)

C. DEFINITION OF RISK LABELS

The precise definition of risk labels forms the foundation of
supervised learning. This study employs a comprehensive
risk scoring methodology to determine the risk category
for each sample. Specifically, a composite risk score is
constructed using two dimensions APM and CR: the
decline in monthly profit margins of electricity retailers
and the complaint rate among electricity consumers. To
mitigate the impact of dimensional differences between
these metrics on weighting results, both scores undergo Min-
Max normalization. Here, AP M represents the percentage
decrease in monthly sales profit margin compared to the
average of the preceding three months (dimension: %),
while C'R represents the proportion of complaint tickets
received per month relative to the total number of users
(dimension: dimensionless ratio, typically ranging from 0
to 0.05):

APM — APMpin

APMnorm = APMmax — APMminv (1)
cp  _ CR—CRu,
norm CY]%max - C’}zmin -

Then calculate the comprehensive risk score:
Rscore =0.6- A13]\4norm +04- CRnorm- (2)

Samples Rgcore With a risk score exceeding 0.65 are
classified as high-risk, while those below this threshold are
deemed low-risk. The 0.65 cutoff was established based on
the “Credit Evaluation and Risk Management Measures for
Electricity Retail Companies” issued by the Provincial Elec-
tricity Regulatory Authority in 2022 (a publicly available
document accessible under the ‘“Policies and Regulations”
section of the Provincial Electricity Trading Center’s of-
ficial website, Document No.: S-DLJY-2022-017), which
explicitly mandates that companies achieving a compre-
hensive risk score of 0.65 or higher should be included

5871

in the key supervision list. This threshold represents an
independent external regulatory standard rather than a post-
hoc adjustment derived from sample distribution. Under this
criterion, high-risk samples account for 22.3% of the total
sample, aligning closely with the abnormal operational rates
of electricity retailers reported by the Provincial Electricity
Trading Center during the same period (21.8% in 2023 and
22.5% in 2024). The advantage of this definition lies in its
simultaneous consideration of both financial risk implica-
tions and service-related risk indicators, consistent with the
multi-dimensional approach adopted by power regulators in
evaluating electricity retailers’ creditworthiness.

lll. RISK ASSESSMENT ALGORITHM BASED ON THE
CART DECISION TREE
A. BASIC PRINCIPLES OF THE CART ALGORITHM
The classification and regression tree algorithm was intro-
duced by Breiman et al. in 1984, operating on the principle
of partitioning the feature space into rectangular regions via
recursive binning, each assigned a distinct class prediction.
Distinct from ID3 and C4.5 algorithms, CART employs
the Gini coefficient as the criterion for node splitting,
identifying features and thresholds that minimize subnode
impurity during each split iteration.

For classification problems involving K categories, the
Gini coefficient of node ¢ is defined as

K
Gini(t) =1-> pj. 3)
k=1

This represents py, the proportion of samples belonging to
category k at node ¢. When all samples in a node belong to
the same category, the Gini coefficient equals its minimum
value of 0; when sample proportions across categories are
uniform, the Gini coefficient approaches 1 — 1/K. The re-
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duction in the Gini coefficient resulting from binary splitting
of feature A at node ¢ is given by equation (4):

AGini(A,t) = Gini(t) — ]X;L Gini(tz) — ];[\?R Gini(tg).

t t @
Among N;, and N, These represent the sample sizes for
the left and right child nodes respectively after partitioning.
Ny, The total number of samples for node ¢. The algorithm
#8J71 all features and their possible values, selecting those
that satisfy the condition. AGini, The primary feature and
threshold determine the split of the current node, then
recursively repeat this process on all child nodes until the
stopping criterion is met.

B. STOP CRITERIA AND PRUNING STRATEGIES FOR
MODEL TRAINING

The growth of a decision tree requires well-defined stop-
ping criteria to prevent overfitting. This paper employs a
combined strategy of pre-pruning and post-pruning. For pre-
pruning, three conditions are established: splitting is halted
when the number of samples in a node falls below 20;
splitting ceases when « the Gini coefficient of a node drops
below 0.05; and the maximum tree depth is capped at 10
levels.

For post-pruning, a cost-complexity pruning algorithm is
applied, introducing a penalty parameter to balance train-
ing accuracy with tree complexity. The pruning objective
function is given by equation (5):

Rua(T) = R(T) + a - |T). )

This represents R(T)|T'|acr the misclassification rate of tree
T on the training set and the number of leaf nodes in the
tree. Selection is performed using five-fold cross-validation,
with the value that minimizes cross-validation error being
chosen.

C. MEASUREMENT OF FEATURE IMPORTANCE

The CART algorithm inherently supports quantitative as-
sessment of feature importance. Let the total number of
samples be Niota1, Node ¢, he sample size is IV, feature
X; The importance is calculated cumulatively based on the
reduction in the Gini coefficient achieved across all division
nodes:

N,
Imp(X ZAGlm (X;,t) Nm;l (6)
teT

This represents AGini(X;,¢)X; the reduction in the Gini
coefficient resulting from feature splitting at node ¢. Finally,
each feature’s importance score is normalized to the interval
[0, 1], where higher scores indicate stronger discriminative
power of the feature in risk classification. This mechanism
not only aids in identifying key risk factors but also provides
a basis for subsequent model simplification and feature
selection.

VOL. 15, NO. 3, AUGUST 2026

D. DECISION RULE EXTRACTION

The interpretability advantage of decision trees is particu-
larly evident in their rule extraction capability. In a trained
decision tree, every path from the root node to a leaf node
a corresponds to a decision rule structured as “If feature
A satisfies condition A and feature B satisfies condition
B... then it is classified as high-risk/low-risk.” These rules
are presented in an “if-then” format, making them easy for
business users to understand and apply without requiring
machine learning expertise.

This paper employs a rule simplification strategy to
process the extracted original rules: rules with highly
overlapping feature value ranges or identical conclusions
are merged, while rules containing redundant features are
streamlined, ultimately yielding a set of highly comprehen-
sive and mutually independent decision rules. Each rule
is accompanied by its support (the proportion of samples
satisfying the rule relative to the total sample size) and
confidence score (the percentage of cases correctly predicted
by the rule), enabling decision-makers to select appropriate
rule combinations based on specific business scenarios.

IV. EXPERIMENTAL DESIGN AND RESULT ANALYSIS

A. DATA SOURCES AND PREPROCESSING

The experimental data were derived from publicly available
trading records of the S Provincial Electricity Trading
Center covering the period from January 2023 to December
2025, as well as anonymized operational data provided
by three electricity retailers of varying sizes within the
province. The raw data were collected at a daily time
granularity, totaling 1,095 daily records. Prior to merging,
each retailer’s data underwent independent feature extraction
and label annotation; subsequently, all three datasets were
combined into a unified dataset for analysis. The three
companies contributed 315,375, and 390 daily raw records,
respectively.

Prior to merging, the Chow test was employed to verify
the homogeneity of model parameters across the three
datasets. The core objective of the Chow test is to deter-
mine whether regression coefficients differ between groups,
with its null hypothesis stating that the coefficient vectors
across all groups are identical. Specifically, a composite
risk score model was constructed based on this analysis.
Rscore @ linear regression model was constructed with the
dependent variable and all 12 risk indicators as independent
variables, estimating both a combined model (a constrained
model assuming identical coefficients across groups) and
a grouped model (a unconstrained model allowing differing
coefficients among groups), followed by comparison of their
residual sum of squares. The Chow test yielded an F-statistic
of 1.42; with a critical value of 1.58 at the 5% significance
level and a p-value of 0.18, the null hypothesis that the three
datasets originated from the same data generation process
could not be rejected. This result provides statistical support
for combining the three datasets.
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During data cleaning, linear interpolation was employed
to fill missing values. In the daily time series, samples
with missing values for any indicator within a given date
were removed, resulting in the elimination of 17 incomplete
samples and the retention of 1,078 complete samples. For
outliers, the interquartile range (IQR) method was used to
identify values exceeding three times the IQR range; these
were replaced with boundary values. To mitigate the impact
of differing dimensionalities across indicators on model
training, all continuous variables were standardized using
Z-scores (7).

o =2"F (7)

Where pop and o? represent the mean and standard de-

viation of this feature on the training set, respectively.
The normalization parameters are calculated solely on the
training set and applied to both the validation and test sets
to prevent data leakage.

B. EXPERIMENTAL DESIGN AND EVALUATION
CRITERIA
The 1,078 samples were randomly divided into a training
set, a validation set, and a test set in a ratio of 7:1.5:1.5,
with the training set containing 755 samples, the validation
set containing 161 samples, and the test set containing 162
samples. A stratified sampling strategy was employed to
ensure that the proportions of samples across categories in
the three sets matched those in the original dataset.

Model performance evaluation employs four metrics: ac-
curacy, precision, recall, and F1 score. For binary classifi-
cation problems, these metrics are defined as follows:

Accuracy = TP+TN
Y"TPYTN+ FP+ FN’
Procisi TP
T =
ecision TP L FP’
(3
Recall — — 12
T TP FN
Flo Precision - Recall

" Precision + Recall’

Here, TP, TN, FP, and FN represent the numbers of true
positives, true negatives, false positives, and false negatives,
respectively. Additionally, the area under the ROC curve is
used as a comprehensive metric for evaluating the model’s
discriminative ability. To ensure model performance stabil-
ity, all experiments were repeated using ten different random
seeds, with the mean and standard deviation of performance
metrics reported.

C. BENCHMARK MODEL AND COMPARISON METHODS
To validate the effectiveness of the decision tree model,
three benchmark models were selected for comparative
experiments. Logistic regression, as a representative gener-
alized linear model, captures the linear relationship between
risk factors and risk states. Support Vector Machines map
features to high-dimensional space using kernel functions,
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enabling them to capture certain nonlinear relationships.
Random Forest, an ensemble version of decision trees that
reduces variance through bagging strategy, demonstrates
the application level of ensemble learning methods in risk
classification. All three benchmark models employed iden-
tical training and test datasets as the decision tree, with
hyperparameters optimized using a validation set.

D. EXPERIMENTAL RESULTS

1) Comparison of Classification Performance

Table 2 presents the classification performance of the four
models on the test set (mean 4 standard deviation across
10 replicate experiments). The decision tree model achieved
an accuracy of 87.8% =+ 2.1%, precision of 89.3% =+ 2.4%,
recall of 84.5% =+ 2.8%, and F1 score of 86.1% =+ 2.3%.
Across all four metrics, the decision tree outperformed both
logistic regression and support vector machines, with F1
scores exceeding them by 9.8 and 7.2 percentage points
respectively. Compared to random forests, the decision
tree exhibited a 2.1 percentage point lower accuracy and
a 1.6 percentage point lower F1 score, yet demonstrated
significantly reduced model complexity — with only 24 leaf
nodes versus 100 in random forests. Under five-fold cross-
validation, the decision tree achieved average results of
87.3% =+ 2.0% accuracy, 88.7% =+ 2.3% precision, 83.9% =+
2.6% recall, and 85.7% =+ 1.9% F1 score, consistent with the
test-set performance and indicating no significant overfitting.

TABLE 2. Comparison of classification performance across models on the test

set (mean + standard deviation)

Model Precision (%) Accuracy (%) Recall (%) F1 Value (%)
Logistic re- 76.81+2.7 78.6%3.1 729434 75.6+£2.9
gression

Support 80.34+2.4 82.74+2.8 76.0+3.2 79.24+2.6
vector

machine

Random 89.9+1.8 91.44+2.0 86.942.3 87.7+1.9
forest

CART deci- 87.8+2.1 89.34+2.4 84.54+2.8 86.14+2.3

sion tree

2) Analysis of Feature Importance

Figure 1 illustrates the importance ranking of the 12 risk
indicators generated by the decision tree model. The day-
ahead to real-time electricity price spread ranked first with
an importance score of 0.183, a result that aligns closely
with the operational logic of the retail electricity market —
the price spread serves as both the primary source of profit
and the main source of risk for power retailers. The load
peak-to-valley ratio ranked second with an importance score
of 0.147, reflecting the significant impact of user-side load
fluctuations on power retailers’ day-ahead bidding strategies.
The proportion of medium-and long-term contracts ranked
third with an importance score of 0.139, demonstrating how
contract structure influences risk exposure. The combined
importance scores for these three indicators total 0.469,
nearly half of the sum for all indicators.
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The indicators ranked fourth through eighth are, in order:
load forecasting error (0.089), proportion of users on fixed
electricity tariffs (0.076), user concentration level (0.068),
day-ahead electricity price volatility (0.061), and share of
renewable energy generation (0.054); their combined con-
tribution is 0.348. The four lowest-ranked indicators — fuel
price index (0.047), market supply-demand ratio (0.043),
monthly electricity consumption growth rate (0.039), and
scale of power retailers (0.031) — contribute a total of 0.160,
less than one-sixth of the overall importance score; thus,
these factors have relatively limited direct impact on retail-
side risks under current market conditions. The top three
indicators (46.9%), the middle five indicators (34.8%), and
the bottom four indicators (16.0%) form a clear contribution
gradient.

Day-ahead spot price spread rate 0.183
Load peak-to-valley ratio

Medium- & long-term contract share
Load forecasting error

Fixed tariff user proportion

User concentration ratio

Day-ahead price volatility
Renewable energy output share
Fuel price index

Market supply-demand ratio

Monthly consumption growth rate

Electricity retailer size 0.031

0.00 0.05 0.10 0.15 0.20
Normalized importance score

FIGURE 1. Ranking of the importance of risk indicator characteristics

(The horizontal axis shows normalized importance scores, while the vertical axis
displays the 12 risk indicators ranked from highest to lowest score.)

3) Extraction and Interpretation of Decision-Making Rules
Fourteen risk assessment rules were extracted from the
trained decision tree, and seven core rules were retained
after pruning. Table 3 lists the four most supported rules
along with their performance metrics.
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TABLE 3. Core Risk Assessment Rules

Rule Decision Condition Conclusion  Support Confidence
Num- Level (%) (%)
ber

R1 The spread ratio is >
18.7%, and the load
peak-to-valley ratio is
> 2.3.

R2 The spread ratio
> 18.7%, the
load  peak-to-valley
ratio < 2.3, and
the  proportion  of
medium-to-long-term
contracts < 35%.

R3 The price spread ratio
< 18.7%, the load
forecasting error >
12.5%, and the pro-
portion of users with
fixed electricity prices
> 60%.

R4 The  spread ratio
< 12.3%, the
load  peak-to-valley
ratio < 1.8, and
the  proportion  of
medium-to-long-term
contracts > 45%.

highrisk 21.6 89.5

highrisk 14.9 83.1

highrisk 11.3 79.4

low risk 19.2 91.8

Rule R1 describes a typical “double compression” risk
scenario: when the wholesale price spread exceeds 18.7%
and the load peak-to-valley ratio on the user side is greater
than 2.3, electricity retailers face both significant price
volatility exposure and high purchasing pressure during peak
hours, with a 89.5% confidence level indicating a high-risk
state. Rule R2 further demonstrates that even under low load
peak-to-valley ratios, retailers remain at high risk if the price
spread is substantial and the proportion of medium-to-long-
term contracts falls below 35%, due to insufficient contract
locking protection. Rule R3 outlines another risk scenario:
when the price spread is moderate but the load forecast error
exceeds 12.5% and the share of fixed-rate users surpasses
60%, retailers encounter risks stemming from day-ahead
bidding deviations and rigid retail revenue structures. Rule
R4 defines the conditions for a low-risk state — low price
spreads, smooth load curves, and an adequate proportion of
medium-to-long-term contracts — with a confidence level of
91.8% for this classification.

The value of the aforementioned rules lies not only in risk
early warning but also in providing clear operational guid-
ance for risk management. For instance, Rule R1 advises
electricity retailers to proactively adjust their daily bidding
strategies or increase reserve capacity when the price spread
approaches the 18.7% threshold; Rule R2 recommends that
retailers with a medium-to-long-term contract share below
35% consider increasing this proportion; Rule R3 suggests
that retailers with a high share of fixed-price customers
should enhance load forecasting capabilities or optimize
their retail tariff packages.

E. DISCUSSION
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1) Advantages and Limitations of the Decision Tree Method
The experimental results validate the effectiveness of the
decision tree algorithm in risk assessment for the electricity
retail market. Compared to logistic regression, decision trees
can capture nonlinear interaction effects among risk factors;
for instance, the combined effect of the price spread ratio
and load peak-to-valley ratio in Rule R1 far exceeds the
linear sum of their individual impacts. Relative to support
vector machines, decision trees maintain competitive predic-
tion accuracy while providing transparent decision-making
logic, which is particularly crucial when explaining risk
assessment rationale to regulators and investors. Although
a single decision tree achieves slightly lower prediction
accuracy than random forests, it significantly reduces model
complexity, shortening training time from approximately 43
seconds (on an Intel Core i7-12700K processor with 32 GB
RAM and no GPU acceleration) to under 1 second, while
markedly improving the simplicity of rule extraction.

The limitations of the decision tree method also warrant
attention. Firstly, a single decision tree is highly sensitive
to noise in the data; minor variations in the training set
can lead to significant changes in the tree structure, a
problem particularly pronounced with small sample sizes.
Secondly, when dealing with high feature dimensions or
strong correlations between features, the splitting prefer-
ences of decision trees may introduce bias in importance as-
sessments. This paper mitigates these issues to some extent
through domain knowledge filtering and correlation analysis
during the feature engineering phase, but caution remains
warranted in scenarios involving substantial increases in
feature dimensions.

Regarding the robustness of decision tree splitting thresh-
olds, this study employed the Bootstrap resampling method
(1,000 repetitions) to estimate confidence intervals for key
thresholds in the core rules. For rule R1, the 95% confidence
interval for the spread ratio threshold at 18.7% is [17.2%,
20.1%], and that for the load peak-to-valley ratio threshold
at 2.3 is [2.1, 2.5]; for rule R4, the 95% confidence interval
for the spread ratio threshold at 12.3% is [11.1%, 13.6%].
The confidence interval widths for these thresholds range
from 2 to 3 percentage points, indicating a certain degree of
stability across different data subsets; however, in practical
applications, dynamic adjustments should be made based on
specific market conditions.

2) Implications for Risk Management in Electricity Retail
Companies

From a practical perspective, the findings of this study
offer several insights for risk management in electricity
retail companies. Risk monitoring should focus on three
core indicators — the price spread ratio, load peak-to-valley
ratio, and the proportion of medium-to long-term contracts —
rather than attempting to monitor all available metrics com-
prehensively. The formulation of risk management strategies
should account for the distinct characteristics of different
risk profiles: for price spread-driven risks, the emphasis
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should be on optimizing day-ahead bidding strategies and
enhancing price forecasting; for load-driven risks, the focus
should be on improving load prediction accuracy and opti-
mizing customer mix; for contract structure-driven risks, the
priority should be dynamic adjustment of power allocation
ratios between medium-long term and spot markets. The
allocation of risk management resources should follow a
prioritization based on the support level and confidence
level of risk profiles, giving priority to those with both high
support and high confidence.

V. CONCLUSION
This study addresses the multi-source composite risks faced
by electricity retailers in the retail market and proposes a
risk assessment methodology based on the CART decision
tree algorithm. The key findings are as follows: First,
electricity retail market risks can be effectively character-
ized through 12 indicators covering wholesale, retail, and
customer segments, with the day-ahead-to-real-time price
spread ratio, load peak-to-valley ratio, and proportion of
medium-to-long-term contracts serving as core risk deter-
minants — these three factors collectively account for 46.9%
of cumulative feature importance, providing robust data
support for optimizing risk monitoring metrics. Second,
the CART model achieves an accuracy of 87.8% + 2.1%
and an F1 score of 86.1% =+ 2.3% in binary risk classi-
fication tasks, significantly outperforming logistic regres-
sion and support vector machines; compared to random
forests, it substantially enhances model interpretability while
maintaining limited accuracy loss. Repeated experiments
and five-fold cross-validation (accuracy: 87.3% =+ 2.0%;
F1 score: 85.7% =+ 1.9%) consistently demonstrate strong
model robustness, indicating CART decision trees achieve
an optimal balance between predictive accuracy and deci-
sion transparency. Third, explicit risk criteria derived from
the decision tree can be formulated in “if-then” structure.
Rules R1-R4 delineate typical risk scenarios — including
price-difference-load dual compression, inadequate contract
protection, and prediction bias combined with retail demand
rigidity — providing tailored risk mitigation strategies for
retailers with varying risk preferences. For example, under
Rule R1, electricity retailers may proactively increase their
holdings of medium-and long-term contracts when the price
spread approaches 18.7% and the load peak-to-valley ratio
exceeds 2.3, thereby locking in part of the costs; under Rule
R4, when the price spread falls below 12.3% and the load
curve becomes more flat, they may appropriately raise their
participation in the spot market to achieve higher returns.
Bootstrap resampling validation results demonstrate that the
threshold values for these core rules exhibit good stability.
Future research can be conducted in the following direc-
tions: At the data level, higher-frequency real-time transac-
tion data, as well as textual unstructured information such as
policy announcements and news reports, can be incorporated
to further diversify risk signal sources; at the algorithmic
level, hybrid model architectures combining decision trees
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with deep learning can be explored, utilizing deep learning
networks for feature extraction and decision trees for inter-
pretable classification; at the application level, the proposed
risk assessment framework can be deployed as an online
early warning system and its timeliness and robustness can
be validated in real-world market environments.
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