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Abstract To safely operate lithium-ion batteries that power mobile electronic devices, it is
crucial to accurately predict the remaining useful life (RUL) of the battery. Recently, with the
advancement of machine learning technologies, artificial intelligence (Al)-based RUL prediction
models for batteries have been actively researched. However, existing models have limitations as
the reasoning process within the models is not transparent, making it difficult to fully trust and
utilize the predicted values derived from machine learning. To address this issue, various
explainable Al techniques have been proposed, but these techniques typically visualize results in
the form of graphs, requiring users to manually analyze the graphs. In this paper, we propose
an explainable RUL prediction method for lithium-ion batteries that interprets the reasoning
process of the prediction model in textual form using SHAP analysis based on large language
models (LLMs). Experimental results using publicly available lithium-ion battery datasets
demonstrated that the LLM-based SHAP analysis enabled us to concretely understand the
model’s prediction rationale in textual form.
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Fig. 1 Overview of the proposed scheme
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Table 1 Template for prompt in analyzing the graph visualization result of SHAP analysis

Template

Example

Description of

SHAP (Shapley Additive Explanations) is a method used to interpret the
output of machine learning models by quantifying the contribution of each
feature to the prediction. It is based on Shapley values from game theory,
ensuring a fair distribution of contribution values among features. SHAP

SHAP ) : . .
values help in understanding the importance and impact of each feature
on the model’s predictions, enhancing model transparency and
interpretability.
Case (1) - This image shows the result of SHAP values using a prediction model to
estimate the remaining useful life of a lithium-ion battery. It is the
Summary plot . . . . .
summary plot of all the input variables. Please interpret the given image
of SHAP .
in text format.
This image shows the result of This image ShOW.S the resullt .Of
. .. SHAP values using a prediction
SHAP values using a prediction model  to timate the remainin
Case (2) - model to estimate the remaining . estimate € Tremaining

Dependence plot | useful life of a lithium-ion battery.

useful life of a lithium-ion battery.
It is the dependence plot for the

f SHAP It is the dependence plot for the . .
© . , P ) POt variable 'Time at 4.15V (s)’. Please
variable "{ X, ariane )~ Please interpret | . . . :
. . . interpret the given image in text
the given image in text format.
format.
Qo ded HAE Aol o]mA] Q1AS Qw7 AA gebd & Ak o], oln A ¥
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Table 2 Input variables of Hawaii Natural Energy Institute Battery dataset

No. Input variables Description Variable type
F1 Discharge Time (s) Time to reach the minimum voltage Continuous
F2 Time at 4.15V (s) Time that the voltage reaches 4.15V Continuous
. Ti hen th t i .
F3 Time Constant Current (s) e waen ) © curr.en remams Continuous
constant at its maximum value
Time required for the voltage to .
F4 D t 3.6-3.4V Cont
ceremen (s) decrease from 3.6V to 3.4V ontmuous
F5 Max. Voltage Discharge (V) Initial and maxiumum value of voltage Continuous
F6  Min. Voltage Discharge (V) Initial and minimum value of voltage Continuous
F7 Charging Time (s) Total charging time Continuous

Table 3 Output variable of Hawaii Natural Energy Institute Battery dataset

Output variable Description Variable type
RUL Remaining useful life of Lithium-ion battery Continuous
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Table 4 Summary statistics for input variables of Hawaii Natural Energy Institute Battery dataset

Variable . . Time Decrement Max. Min, )
Dlgcharge Time at Constant 3634V Yoltage yoltage Chargmg
Statistics Time (s) 4.15V (s)  Current : (s). Discharge Discharge Time (s)
(s) (V) (V)

Mean 4581.27 3768.33 5461.26 1239.78 3.90 3.57 10066.49
Stapdgrd 33144.01 9129.55 25155.84 15039.58 0.09 0.12 26415.35
deviation
Min. value 8.69 -113.58 5.98 -397645.90 3.04 3.02 5.98

25% 1169.31 1828.88 2564.31 319.60 3.84 3.48 7841.92

50% 1557.25 2930.20 3824.26 439.23 3.90 3.57 8320.41

75% 1908.00 4088.32 5012.35 600.00 3.97 3.66 8763.28

Max. value | 958320.37 245101.11 880728.10  406703.76 4.36 4.37 880728.10

Table 5 Summary statistics for output variable  Score)E A}&3th(Lee and Rew, 2024).
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absolute error(MAE), R-squared value (R2 i
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Table 6 Comparison of the performance of prediction model

Model RMSE MAE R2 Score

Linear Regression 138.738 94.547 0.8126
SGD Regression 138.819 95.793 0.8124
Extra Tree Regression 30.923 11.640 0.9906
Multi-Layer Perceptron 75.542 57.092 0.9444
Gradient Boosting 45.150 31.876 0.9801
AdaBoost 67.491 54.790 0.9556
XGBoost 24.728 13.986 0.9940
LightGBM 31.133 20.368 0.9905
CatBoost 27.7193 17.301 0.9924
Decision Tree 29.665 11.115 0.9914
K-Nearest Neighbor 35.875 14.676 0.9874
Bagging Regression 23.009 11.019 0.9948
Random Forest 22.348 10.304 0.9951
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Fig. 2 Comparison of the predicted value in

proposed scheme and actual value
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Table 7 Interpretation of SHAP analysis using large language model

Result

According to the SHAP analysis, the most important feature for predicting the remaining
useful life (RUL) of the lithium-ion battery is "Discharge Time = -0.083" with a feature
importance score of +132.69. This means that a shorter discharge time is strongly associated
with a higher predicted RUL. The predicted value of RUL is 761.55.

Additionally, features like "Decrement 3.6-3.4V (s)” with a score of +34.45, "Min. Voltage
Charg. (V)" with a score of +24.18, and "Max. Voltage Dischar. (V)" with a score of +22.2
have positive impacts on predicting RUL. This indicates that higher values for these features

are associated with a higher predicted RUL.

On the other hand, features like "Charging time (s)” with a score of -15.89, "Time constant
current (s)” with a score of +10.15, and "Time at 4.15V (s)” with a score of -3.74 have
smaller impacts but still influence the predicted RUL. Specifically, longer charging times and
longer times at 4.15V are associated with a decrease in the predicted RUL.

To adjust the predicted RUL from 761.55, changing the values of these key features is
necessary. Increasing the value of "Discharge Time” or decreasing values of "Decrement
3.6-34V (s)”, "Min. Voltage Charg. (V)”, and "Max. Voltage Dischar. (V)" can negatively
influence the RUL prediction. Conversely, reducing the times for ”“Charging time (s)” and
"Time at 4.15V (s)” may help in adjusting the predicted RUL favorably.
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Table 8 Interpretation of summary plot of SHAP analysis using large language model

Result

SHAP (SHapley Additive exPlanations) values indicate the impact of each feature on the model output.
This graph shows the SHAP analysis result for a model predicting the remaining usage life of a
battery. The graph displays how different features influence the battery life prediction. The y-axis lists
the features, and the x-axis represents SHAP values, indicating the degree of impact on the model

output. Higher feature values are shown in red, and lower feature values are shown in blue.

Key Feature Interpretations:

1. Discharge Time (s):

- This feature has a significant impact on the model, with a wide distribution of SHAP values. Longer
discharge times (red) positively influence battery life, while shorter times (blue) negatively impact it.

2. Decrement 3.6-3.4V (s):
— Although this feature has a relatively smaller impact, it still plays an important role. Higher feature

values (red) positively affect battery life.

3. Max. Voltage Dischar. (V):
- The maximum voltage during discharge shows that higher values (red) slightly positively influence
battery life, while lower values (blue) have a negative impact.

4. Min. Voltage Charg. (V):
- This feature has a minimal impact on battery life, but higher values (red) have a slightly positive
effect.

5. Time at 4.15V (s):
- The time at 4.15V tends to negatively influence battery life when feature values are higher (red).

6. Time constant current (s):
- Time at constant current positively affects battery life, with higher feature values (red) being
beneficial.

7. Charging time (s):
- Charging time has a positive influence on battery life when feature values are higher (red) and a
negative impact when values are lower (blue).

Overall Interpretation:

The most important features for predicting battery life are Discharge Time and Charging Time. These
two features have the widest distribution of SHAP values, indicating that the model heavily relies on
them. Other features also influence the prediction but to a lesser extent. This SHAP analysis helps to
understand which features are crucial for the model’s battery life predictions, aiding in battery

management and optimization strategies.
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Table 9 Interpretation of dependency plot of SHAP analysis for Discharge Time (s) variable
using large language models

Result

This SHAP dependence plot illustrates the relationship between the variable "Discharge Time
(s)” and its SHAP value for predicting the remaining useful life (RUL) of the lithium-ion
battery. The color gradient represents the "Min. Voltage Charg. (V)" feature.

Interpretation:

1. Discharge Time Influence:

- Low Discharge Time (0-5s): When the discharge time is very low (close to 0 seconds), the
SHAP values are widely spread, ranging from -400 to +400. This indicates that a very short
discharge time can have a highly variable impact on the RUL prediction, possibly due to
interaction with other features.

- Moderate Discharge Time (5-10s): As the discharge time increases to between 5 and 10
seconds, the SHAP values generally become positive and cluster around +200. This suggests
that a moderate discharge time is associated with an increase in RUL.

- High Discharge Time (>10s): For discharge times above 10 seconds, the SHAP values are
mostly positive but less frequent and spread out, indicating that higher discharge times

generally contribute positively to RUL but are less common.

2. Interaction with Min. Voltage Charg. (V):

- The color gradient shows the impact of "Min. Voltage Charg. (V)" on the SHAP value of
"Discharge Time (s)”. Points in red indicate higher values of "Min. Voltage Charg. (V)”, while
points in blue indicate lower values.

- It can be observed that most points with high SHAP values (positive influence on RUL)
correspond to lower "Min. Voltage Charg. (V)" (blue points). Conversely, some points with

very high SHAP values correspond to higher "Min. Voltage Charg. (V)" (red points).

Summary:

- Short discharge times have a highly variable impact on RUL, influenced by other factors
such as "Min. Voltage Charg. (V)".

- Moderate discharge times are generally associated with a positive impact on RUL.

- Long discharge times also contribute positively to RUL but are less frequent.

- The interaction between "Discharge Time” and "Min. Voltage Charg. (V)" shows that lower
values of "Min. Voltage Charg. (V)" tend to correspond with higher positive SHAP values for

"Discharge Time".
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