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Abstract

Al-based battery health prediction is a key technology for sustainable energy manage-
ment, yet systematic evaluation of model performance and model—feature interaction ef-
fects remain limited. We conducted a comprehensive meta-analysis from 199 experimen-
tal records across 35 studies. Our findings indicate that in scenarios where high predic-
tive accuracy is needed, hybrid deep learning models are the preferred choice, whereas
for scenarios requiring lightweight deployment or better interpretability, random forest
emerges as the more suitable option. Moreover, model performance is highly dependent
on feature compatibility. We validated the robustness of results through sensitivity anal-
ysis and publication bias test and proposed a five-step guideline to help practitioners dy-
namically align business needs, model architectures, and feature combinations. This study
provides empirical guidance for efficient model development in battery health prediction
and enhances data-driven decision-making in sustainable energy management.

Keywords: Meta-analysis, battery health prediction, feature-model interaction, sustain-
able energy management

Introduction

Batteries play a critical role in the transition toward sustainable energy, particularly in electric vehicles (EVs)
and renewable energy storage systems (Meng & Li, 2019). As typical electrochemical systems, batteries in-
evitably undergo performance degradation during use. Their capacity and power output decline with the
number of charge-discharge cycles, posing challenges to service life and reliability (Severson et al., 2019).
Accurately assessing the State of Health (SOH) of a battery is thus essential for ensuring safe and efficient
battery management. It provides a basis for decisions on battery usage, maintenance scheduling, and timely
replacements to prevent performance loss or safety incidents (Meng & Li, 2019).

Accurate SOH measurement typically requires complete charge-discharge cycle, which is often infeasible in
real-world applications. Moreover, battery aging is influenced by a complex set of factors, including usage
patterns and environmental conditions, making deterministic modeling difficult (Y. Li et al., 2019). Com-
pared to physics-based approaches, data-driven methods leverage artificial intelligence algorithms to extract
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degradation patterns from operational data and predict SOH with high accuracy without requiring extensive
experimental setups (Y. Li et al., 2019). Various Machine Learning (ML) models have been widely applied
in this field, including Gaussian Process Regression (GPR) (He et al., 2024; X. Li et al., 2020; M. Lin et al.,
2022; J. Wang et al., 2022), Support Vector Machines (SVM) (Q. Li et al., 2022; Tian et al., 2020; Y. Zhang
et al., 2022), Random Forest (RF) (C. Lin et al., 2022; Meng et al., 2023; X. Wang et al., 2024) and deep
neural networks such as Convolutional Neural Networks (CNN) (S. Liu et al., 2024; S. Wang et al., 2025; H.
Zhang et al., 2023), and Recurrent Neural Networks (RNN) (Chen et al., 2023; Hong et al., 2023; Ma et al.,
2022; Shu et al., 2021). In particular, Deep Learning (DL) architectures have shown strong nonlinear mod-
eling capabilities, capturing the complex nature of battery degradation more effectively (Chen et al., 2023;
S. Wang et al., 2025; H. Zhang et al., 2023). Hybrid strategies, such as using CNN for feature extraction
and Long Short-Term Memory (LSTM) network for sequence modeling, have also gained attention for their
complementary design, offering considerable improvements in predictive performance (Gou et al., 2020;
X. Wang et al., 2024; H. Zhang et al., 2023).

While algorithm selection is essential, model performance is also highly dependent on the quality of input
features (S. Liu et al., 2024; Peng et al., 2023). Feature engineering plays a central role in transforming raw
sensor data into informative degradation indicators. Raw data typically include directly measured variables
such as voltage, current, and temperature. Prior studies have explored a variety of feature engineering strate-
gies. For example, the time of constant-current (CC) charging phase or constant-voltage (CV) charging phase
can signal degradation (Cai & Lin, 2024; C. Lin et al., 2022; Yang et al., 2018; Zhu et al., 2022). Addition-
ally, morphological features from charge-discharge curves such as slopes or inflection points, are commonly
used as input for model training (Guo et al., 2019; X. Li et al., 2020; Tian et al., 2020; Wu et al., 2023a).
Despite growing interest in this field, the existing literature exhibits conflicting findings regarding model
performance and feature selection strategies. To address this gap, this study raises the following research
questions (RQs):

1. How can different models exhibit significantly different performance in battery SOH prediction?
2. How can hybrid models improve SOH prediction performance compared to single-model approaches?
3. How can different types of input features influence the predictive performance of SOH models?

To answer these RQs, we conduct a comprehensive meta-analysis of prior studies on battery SOH prediction.
Following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guideline
(Liberati et al., 2009; Page et al., 2021), we identified 35 highly relevant publications, yielding a total of 199
experimental records of SOH prediction results.We employ a random-effects model to account for variability
across studies and use Root Mean Squared Error (RMSE) as a performance metric to quantitatively compare
the predictive accuracy of different model types and feature sets. We further examine potential publication
biases, and carry out sensitivity analysis to test the robustness of our results and findings. Finally, based
on the meta-analysis insights, we develop a model selection guideline as a decision-support tool, aimed at
guiding practitioners in choosing appropriate SOH prediction approaches under various usage scenarios.

We present the following key contributions: A first meta-analysis in the domain of battery SOH prediction,
quantitatively capturing the triadic relationship among models, features, and application contexts, thereby
addressing the lack of standardized evaluation benchmarks. Secondly, a systematic design blueprint for SOH
model development, grounded in cross-study evidence, offering theoretical guidance and actionable recom-
mendations to support practitioners in identifying optimal prediction strategies under diverse scenarios and
requirements. Lastly, a battery health prediction within the Information Systems (IS) research domain, con-
tributing to the broader literature on data analytics, predictive modeling, and decision support systems, and
offering a novel perspective on the sustainable energy management.

We begin by presenting the literature screening criteria, the categorization scheme for models and features,
and the meta-analysis design. We then report and discuss the empirical results, including model-level com-
parisons and interactions between models and features. We systematically evaluate the results through sen-
sitivity analysis and publication bias test and propose a five-step guideline for battery SOH prediction. Fi-
nally, we discuss limitations, suggest directions for further research and conclude the paper.
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Research Design
Protocol for Article Selection

To systematically gather preliminary data and establish a robust foundation for the article selection pro-
cess, a literature search was conducted following methodologies of vom Brocke et al. (2015), Webster and
Watson (2002) and Watson and Webster (2020). The objective of this search was not only to summarize
the current state of knowledge and evaluate the quality of research, but to identify the maximum quantity
and saturation of pertinent scientific publications that impact the meta-analysis. Based on this, key top-
ics for SOH estimation were extracted. The search terms defined were (“lithium-ion battery” OR “LiB” OR
“energy storage system”) AND (“state of health” OR “SOH”) AND (“prediction model” OR “forecasting” OR
“estimation”) AND (“machine learning” OR “deep learning” OR “neural network”) was applied to analyze
potential adaptations from related fields. The search was conducted across multiple databases, including
IEEE Xplore, ScienceDirect, SpringerLink, Web of Science and Scopus. The primary focus was on retrieving
scientific publications from both journals and conferences to ensure a comprehensive and high-quality col-
lection of relevant literature. Final, modern Al tools such as Research Rabbit were utilized (Wagner et al.,
2022). This integration of various literature search methods ensures comprehensive coverage of the topic.

Based on the literature search, the selection of studies for the meta-analysis can be conducted in accordance
with the PRISMA guidelines (Liberati et al., 2009; Page et al., 2021). Limiting the period to 2016-2025
ensured the use of the latest models for SOH estimation. This approach also effectively reduced the scope
to a manageable number of publications, beginning with a total of 2,359 publications. The following criteria
were applied while screening and eligibility phase to select relevant articles:

1. The initial screening of titles and abstracts promptly excludes the first publication from consideration.

2. Only articles published in high-impact journals or specialized conferences were selected for further
consideration. The initial step involved a meticulous examination of the quartiles in which the respec-
tive publications were located, ensuring a focus on the most reputable sources. Subsequently, only
articles classified within the top quartile (Q1) were admitted for further analysis. This rigorous selec-
tion process guarantees that the meta-analysis is based on the most credible and impactful research
available.

3. Since large-scale battery aging experiments are costly and time-consuming, many studies rely on pub-
lic datasets to develop and evaluate SOH prediction models. Among them, the NASA (Saha & Goebel,
2007), CALCE (Xing et al., 2013), and Oxford (Birkl, 2017) datasets have become widely adopted
benchmarks, as they provide well-documented, full life-cycle degradation data. These datasets also
cover representative cell formats and chemistries that are frequently used in practice, including cylin-
drical 18650 cells (NASA), prismatic CS2 cells (CALCE), and pouch cells (Oxford), all with graphite
anodes and common cathode materials such as LiCoO, and LiNiMnCoO,. We included only studies
that utilized at least one of the three datasets. Meticulous attention was given to ensure the availability
of corresponding data and results for the training or validation processes. Studies that employed these
datasets solely for model training, with the intent to apply the model to other data and only published
such results, are excluded.

4. Afurther exclusion criterion is established for publications that do not employ a data-driven approach.
Studies that address the topic using alternative methodologies are therefore excluded from the pool
of relevant publications. This criterion ensures that the meta-analysis is grounded in research that
leverages empirical data, thereby enhancing the accuracy and reliability of the findings.

5. Publications that did not specifically examine the selection of features and their specification through
feature engineering are excluded from consideration. The objective is to ensure that the meta-analysis
includes the respective features, which are not feasible if such studies are included.

6. Ultimately, only studies that employed the RMSE metric were included in the analysis. This decision
was made to ensure consistency and comparability across the selected studies. publications that uti-
lized alternative metrics were excluded from further consideration. The rationale behind this exclusion
was the inherent difficulty in comparing results derived from different metrics, which introduced sig-
nificant challenges in the accurate interpretation and synthesis of the findings.
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The database selection process, illustrated in Figure 1, initiates with the identification of duplicate entries
during the initial publication selection. This is followed by a preliminary screening based on the titles and
abstracts. Both steps combined resulting in the exclusion of 1,407 publications. Subsequently, a secondary
screening phase eliminates an additional 796 publications that do not align with the database’s quality cri-
teria or meet the standards of a Q1 journal or conference. Post-screening, 156 publications remain for an
in-depth review and further eligibly selection. In this comprehensive review, an additional 121 publications
are excluded in the final step. These exclusions consist of 43 publications that utilize inappropriate data
sources, which lead to unreliable results. Another 40 publications employ either inappropriate or no data-
driven methods, undermining the validity of their findings. Five publications use features that are inconsis-
tent with other observations, creating discrepancies in the created database. Additionally, 21 publications
use metrics other than RMSE, making comparisons difficult. Lastly, 12 publications incorrectly apply the
RMSE metric being unclear about the specific unit, preventing any meaningful interpretation of measure-
ment. This process left 35 publications for analysis. Given that publications typically present more than one
model for SOH estimation, the dataset derived from 35 publications results in a final sample size of 199. A
sample is included if it aligns with the criteria outlined above. A study may encompass multiple samples if
it employs various models to estimate SOH, utilizes distinct data sources for training, or considers different
features within the model. E.g. the NASA dataset and discharging features can be utilized. Additionally, the
comparison of three models can yield three distinct samples.

c
(]
= Articles identified through Additional articles identified
a.‘-f database searchign through other sources
'E- (n=2154) (n =205)
()
=
Excluded on duplicates and
.| the basis of title and/or
~ abstract
(n =1407)
(=)
=
c
3 Excluded due to insufficient
8 | quality for journal/conference
publication
(n=796)
2
Full-text articles retrived for
more detailed evaluation
> (n =156)
S
2 Excluded:
i 43 Data Source not relevant
40 Methods not relevant
5 Identified features not relevan
21 No RMSE founded
12 Unclear Unit of RMSE
(n=121)
T
g Articles included in quantittive
=] Meta-analysis
o (n=35)
Figure 1. PRISMA Flowchart.
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Data Extraction and Feature Categorization

After completing the article selection with PRISMA guideline, accurately extracting, documenting, and sys-
tematically categorizing the required information from each study is essential. The collected 35 articles can
be broadly divided into two categories. The first category focuses on developing new model architectures for
battery SOH prediction and conducting horizontal comparisons with other widely used benchmark models.
The second category emphasizes the effects of feature engineering on SOH prediction performance, typi-
cally conducting vertical comparisons of different feature sets based on a single baseline model. We con-
centrates on two primary aspects: the types of models employed in the literature and the battery-health
features extracted to train these models. Several secondary factors, including data sources and model train-
ing approaches, were also documented in the meta-analysis dataset. The models and features employed in
the respective publication are documented in an online appendix (Y. Wang et al., 2025).

In categorizing the models, this study adopted a balance between application relevance and comprehensive
literature coverage, aiming to create a categorization system that accurately reflects technical diversity while
ensuring robust meta-analysis outcomes. Through frequency analysis of 199 experimental records from the
35 reviewed studies, we found five fundamental model types: GPR, SVM, RF, CNN, and RNN. They col-
lectively accounted for more than 75% of all models, highlighting their prevalence in current data-driven
battery SOH prediction research. These model types were thus categorized separately to preserve their dis-
tinct technical characteristics. For models with lower frequencies (<5%), we aggregated them based on al-
gorithmic paradigms to maintain methodological consistency: 1) Linear regression (LR) and Elastic Net
models were grouped into a single category termed “LR-based Models” due to their shared linear assump-
tions and regularization-based optimization frameworks. 2) Non-sequential neural network architectures,
such as auto-encoders and attention mechanisms, were combined into a unified “Neural Network (NN)” cat-
egory, as these predominantly rely on fully connected layers for feature abstraction, clearly distinct from the
local or sequential modeling mechanisms typical of CNN and RNN. All hybrid model variants based on these
foundational architectures were also included within their respective fundamental categories. To clearly dis-
tinguish these variants from their basic counterparts, we introduced a binary variable labeled ‘Hybrid’ in the
meta-analysis table to explicitly mark models employing optimization algorithms or hybrid architectures.
This classification approach is designed to mitigate dimensionality issues that compromise effect size esti-
mation.

We identified 40 distinct features from the 35 included articles. Based on their physical attributes, these fea-
tures were further categorized into five main categories, as detailed in Table 1. The “Time domain features”
category refers to quantitative statistics directly related to temporal aspects. The categories “Voltage domain
features”, “Current domain features”, and “Temperature domain features” include both raw data and statis-
tical features derived from these raw data. Notably, although all features originate from raw voltage, current,
and temperature data, certain derived features possess physical characteristics beyond these domains. Com-
mon examples include energy-related features obtained through the integration of voltage and current over
time, as well as various statistical measures derived from curve shapes, such as IC curve. Following in-depth
discussions with senior battery experts, two additional feature categories were included: “Capacity and En-
ergy related features”, reflecting the degradation of battery capacity and energy during charge-discharge
cycles, and “Curve shape related features”, encompassing statistical and morphological indicators derived
from various derived curves. These additions further enhance feature engineering coverage, providing a
comprehensive understanding of how feature selection potentially influences model performance. Through
these standardized extraction and categorization steps, we establish a clear, structured data foundation to
rigorously support subsequent meta-analysis efforts.

Meta-Analysis

The process structure depicted in Figure 2 comprises five sequential steps. The necessary input is delineated
by the Meta dataset, which encompasses identified models, features, and utilized datasets sourced from
NASA, Oxford, and CALCE, as documented in the literature. As elaborated before, the dataset distinguishes
between seven model types, three data sources, and six feature sets.

Initially, the dataset undergoes statistical analysis and processing. Observations and their outcomes are eval-
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Classification category Specific features identified from 35 studies
Time domain features CC/CV-charging time
CC/CV-time ratio

Time intervals at equal current/temperature/voltage differences
Temperature-peak time

Voltage domain features Raw voltage data

Average charging/discharge voltage

Equitemporal voltage values/difference/gradients
Voltage differential curve

Slope of CC-charging voltage curve

Area under CC-charging/discharging voltage curve

Current domain features Raw current data

Area under discharge current curve
Slope of CV-charging current curve
Equitemporal current values

Temperature domain features Raw temperature data

Average temperature of charging/discharging curve
Average temperature of equal charging current difference
Temperature-peak value

Temperature change rate

Ratio of temperature to current

Area under temperature curve

Temperature rise rate at equal voltage differences

Capacity & Energy related features | Capacity of CC/CV-charging phase

Energy of CC/CV-charging phase

Energy in the equal charge/discharge voltage interval
Energy in the equal charge current interval

Curve shape related features Statistics of Incremental Capacity (IC) curve
Statistics of Differential Thermal Capacity (DTC) curve
Statistics of Differential Thermal Voltammetry (DTV) curve

Table 1. Classification of Input Features for Battery SOH Prediction Models

uated using the RMSE as a percentage across models, datasets, and features. This aims to furnish a prelim-
inary statistical overview of the various variables and their results. Subsequently, these statistical findings
are systematically cross-verified with meta-analysis results to ensure consistency and facilitate comprehen-
sive evaluation. The heterogeneity test aims to examine significant differences between studies. The Q-value
statistic is observed, a high Q-value indicates significant differences. Additionally, the variability of our re-
sults is examined using the 12-value, which quantifies the extent of differences among the 35 studies and
199 observations. Finally, the statistical significance of these differences is assessed using the Q-test p-value
to determine whether the differences are random (Higgins & Thompson, 2002; Higgins et al., 2003). A de-
tailed examination of the 12 value determines the choice between a fixed or random effect model for the
subsequent meta-analysis. A low heterogeneity value necessitates a fixed effect model, which assumes that
all studies measure the same true effect and that any differences are due to chance. Conversely, a high 12
value requires a random effect model, which accounts for variations in true effects across studies. The se-
lection of the appropriate model type significantly impacts the meta-analysis (Clarke et al., 2010). Once the
appropriate model is selected, an iterative process is initiated to conduct the meta-analysis for various vari-
ables in the dataset. Different subsets of the dataset are considered to ensure the robustness of the analysis
and prevent distortion by specific subsets. This approach allows for a detailed analysis and comparison of the
dataset’s variables. The first step involves checking for colinearity among the selected variables, which can
distort the analysis results and complicate interpretation (Dormann et al., 2013). Subsequently, all variables
undergo standardization using a standard scaler during dimension reduction, identifying the variables with
significant influence on the observations (Guyon & Elisseeff, 2003). A meta-analysis is then performed on
each subset, incorporating the previous steps (Glass, 1976; Hedges & Olkin, 1985). This process is repeated
for each subset of the dataset. In the final step, a sensitivity analysis is conducted to evaluate the robustness
of the results. This involves testing various scenarios and assumptions to observe how the results change
when certain studies are excluded. This process helps confirm the reliability of the conclusions and iden-
tify potential weaknesses (Mathur & VanderWeele, 2020). Additionally, a bias assessment is performed to
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evaluate the risk of systematic errors in the included studies. This analysis examines potential biases, such
as publication bias, selection bias, or information bias. By identifying and assessing these biases, the qual-
ity and trustworthiness of the meta-analysis can be enhanced by including or excluding potentially flawed
studies (Rothstein et al., 2005).

© = {Models(Vi| 1<i<7), - Heterogenity Test
Data Source(Vj | 15j<3), Statistical (Higgins et al. 2002,
Monitoring Higgins et al. 2003)
Features(Vk | 1=k<6)}

Meta Design using n \ F(i:>|<ec|i( Effec} '\gg?gl No
different Subsets of © (Clarke et al. )

Colinearity Test
(Dormann et al. 2012)

~

I>-Value > 50 %
Clarke et al. 2010

122]
5 ——
s
© Random Effect Model
2 Dimentionality (Clarke et al. 2010) Yes
=4 .
Reduction \ J

(Guyon et al. 2002)

Sensitivity Test & Bias
Meta Analysis Assesment
(G.V. Glass 1976; (Rothstein et al. 2005,
L.V. Hedges 1982) J Mathur et al. 2019)

~—

-

Figure 2. Process Flowchart

Results and Discussion

Before conducting a meta-analysis, we first evaluated between-study heterogeneity to determine whether a
fixed-effect model, which assumes the existence of a common true effect, or a random-effects model, which
allows effect sizes to vary across studies, is more appropriate. For each study, we calculated the mean RMSE,
derived its sampling variance from the study-specific standard deviation, and computed inverse-variance
weights. The fixed-effect weighted mean RMSE is 0.0089. Cochran’s Q test yielded a value of Q = 759.56
with degrees of freedom = 34 (p < 0.0001), indicating that the observed variability substantially exceeded
what is expected by chance. The I? statistic reached 95.5%, demonstrating that the vast majority of variation
arose from real differences between studies rather than sampling error. These findings clearly reject the
assumption of homogeneity and suggest adoption of a random-effects model.

In the meta-analysis, a natural logarithmic transformation was first applied to the RMSE when constructing
the random-effects model, and the derived results were back-transformed using the exponential function to
report estimates on the original percentage scale. This approach was adopted for the following reasons: 1)
RMSE is a continuous and strictly positive metric, and its original distribution is often right-skewed, partic-
ularly due to extreme error values reported in some studies. The logarithmic transformation compresses the
scale of high-value observations, making the data distribution closer to normal and thereby meeting the nor-
mality assumption of the random-effects model. 2) RMSE values across different experimental records may
exhibit heteroscedasticity, with larger variances commonly observed in studies with smaller sample sizes.
The log transformation helps eliminate scale dependency, promoting homogeneity of variance across obser-
vations and reducing the influence of heteroscedasticity on the meta-regression results. The significance of
the individual statistical statements and tables in this paper is quantified using the p-value (Andrade, 2019).
This metric indicates the probability that the observed data occurred by random chance, assuming the null
hypothesis is true. In the analyses presented in this paper, {0.1 > p > 0.05} is classified as less significant,
{0.05 > p > 0.01} is deemed significant, and {0.01 > p} is regarded as highly significant.
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Model-level Comparisons

The pairwise model comparison presented in Table 2 directly compares all seven model subcategories, re-
sulting in 21 direct comparisons. A positive coefficient indicates that Model B performs worse than Model A.
This also applies to the average percentage deviation of the RMSE; a negative value here signifies that Model
B performs better than Model A. The column n Obs. denotes the number of pairwise comparisons that can be
conducted when comparing all models of type A with those of type B. Finally, the columns Sig. and p-value
indicate whether the observation is significant, thus possessing a measurable, non-random effect.

Model A | Model B Coef. | Mean RMSE Diff. | nObs. | Sig. p-value
GP SVM 0.223 0.0021 70 0.33
GP CNN -0.004 -0.0003 53 0.98
GP RNN 0.400 0.0020 106 * 0.08
GP NN -0.203 -0.0019 64 0.30
GP LR 0.140 0.0003 59 0.55
GP RF -0.230 -0.0020 52 0.40
SVM CNN 0.159 0.0025 41 0.66
SVM RNN 0.366 0.0001 94 0.18
SVM NN -0.333 -0.0041 52 0.17
SVM LR -0.092 -0.0018 47 0.74
SVM RF -0.381 -0.0042 40 0.26
CNN RNN 0.201 0.0024 77 0.42
CNN NN -0.337 -0.0015 35 * 0.09
CNN LR 0.034 0.0006 30 0.90
CNN RF -0.448 -0.0016 23 * 0.05
RNN NN -0.549 -0.0040 88 ** 0.04
RNN LR -0.466 -0.0017 83 0.13
RNN RF -0.813 -0.0041 76 ** 0.03
NN LR 0.237 0.0022 41 0.25
NN RF 0.015 0.0001 34 0.92
LR RF -0.577 -0.0023 29 ** 0.02
Table 2. Pairwise Comparison of Battery SOH Prediction Models

Out of the 21 comparisons, 16 exhibit either no significance or insufficient significance, as indicated by a
p-value exceeding 0.1. Despite some pairs presenting intriguing values and observations, the effects seem to
arise by chance when considering a sufficiently large sample size. Therefore, further analysis of these com-
parisons is unwarranted. Three comparisons demonstrate significant results. Specifically, GP outperforms
RNN in direct comparison, showing an average RMSE improvement of 0.20% across 106 observations. In the
CNN comparisons, two models exhibit superior performance. NN achieves an average RMSE improvement
of 0.15% over 35 observations, while RF shows an average enhancement of 0.16% across 23 observations.
Both comparisons are reinforced by negative coefficients. Two highly significant comparisons are evident in
the RNN analysis. RNN performs notably worse than other models in two instances. One such instance in-
volves NN, which demonstrates an average RMSE improvement of 0.40% over RNN across 88 observations.
RF also shows a statistically significant RMSE enhancement of 0.41% on average across 76 observations. The
final significant comparison is between LR and RF, where RF improves by an average RMSE value of 0.23%
across 29 observations. In all these highly significant comparisons, the coefficient underscores the RMSE
deviation.

In this pairwise analysis, particular emphasis is placed on the performance metrics of the RF and NN models.
Out of the six observations identified as significant, five involve either RF or NN. In each of these five obser-
vations, these models demonstrate significantly superior performance compared to their counterparts, with
RMSE differences ranging from 0.15% to 0.41%. The comparisons involving RF, in particular, exhibit results
that are significant to highly significant. Additionally, CNN and RNN are noteworthy in their comparisons
with RF and NN. These two models underperform in four out of the six significant observations, indicating a
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consistent trend. This analysis highlights that four models (RF, NN, CNN, and RNN) yield distinct outcomes
in pairwise comparisons. RF and NN generally produce better results than several other models, whereas
CNN and RNN tend to deliver poorer results in comparison. Contrastingly, the remaining three models (LR,
GP, and SVM) do not exhibit the same level of significance in their results. All significant outcomes are asso-
ciated with combinations or comparisons involving the four primary models (RF, NN, CNN, and RNN). This
suggests that the performance differences are particularly pronounced among these models, underscoring
their relative strengths and weaknesses in the context of this analysis.

Model type | Model design | Mean RMSE uw—o u+ o | p-value (Hybrid)

GP 0.0117 0.0047 | 0.0187 | 0.550
Hybrid GP 0.0148 0.0031 | 0.0266

ML SVM 0.0147 0.0052 | 0.0243 | 0.115
Hybrid SVM 0.0080 0.0042 | 0.0117
RF 0.0109 0.0065 0.0153 | 0.751
Hybrid RF 0.0079 0.0073 | 0.0085
NN 0.0112 0.0063 | 0.0160 | 0.026%**
Hybrid NN 0.0083 0.0063 | 0.0103

DL CNN 0.0174 0.0119 0.0229 | 0.000%***
Hybrid CNN 0.0064 0.0031 | 0.0097
RNN 0.0171 0.0034 | 0.0309 | 0.000%***
Hybrid RNN 0.0084 0.0036 | 0.0131

Table 3. Performance Comparison of Hybrid Modeling Design

Table 3 presents the meta-analysis results regarding the impact of various basic model types and their hybrid
designs on battery SOH prediction accuracy. The LR-based models were excluded from the analysis due to
the absence of corresponding hybrid architecture samples. Overall, hybrid designs significantly enhanced
the performance of DL models compared to traditional ML models. Specifically, hybrid NN, hybrid CNN,
and hybrid RNN models exhibited significant reductions in RMSE of 25.9% (p = 0.026), 63.2% (p < 0.001),
and 50.9% (p < 0.001), respectively, compared to their baseline versions. Notably, hybrid CNN achieved
the lowest mean RMSE (0.0064) among all models, with a significantly narrower standard deviation range
(0.0031-0.0097) than the baseline CNN (0.0119-0.0229). This indicates that hybrid designs not only im-
proved accuracy but also enhanced prediction stability.

In contrast, hybrid models showed heterogeneous outcomes among traditional ML models. Hybrid SVM and
hybrid RF reduced RMSE by 45.6% and 27.5%, respectively, whereas hybrid GP showed a 26.5% increase
in RMSE. None of these ML models reached statistical significance (all p-values > 0.5), suggesting that
the effectiveness of hybrid designs in ML models may depend on specific experimental conditions or data
characteristics. Further observation revealed that the upper limit of standard deviation for hybrid DL models
was generally lower than that of baseline DL models, implying that hybrid strategies might mitigate extreme
prediction errors through feature integration mechanisms. These findings provide valuable insights for al-
gorithm selection, emphasizing that DL-based hybrid models have clear advantages in scenarios requiring
high-accuracy and stable SOH predictions.

Interactions Between Models and Features

Table 4 presents the differential impact of feature groups on prediction performance across model types,
with only significant results documented. The results indicate that the effectiveness of feature engineer-
ing is strongly dependent on the inherent properties of model architectures. For GP models, the inclusion
of curve shape features significantly increased RMSE by 193.91%, likely due to the mismatch between the
non-stationary nature of these features and the stationarity assumptions common in standard kernel func-
tions. In contrast, capacity and energy features, which directly reflect physical degradation, reduced RMSE
by 53.64%, consistent with the GP’s strength in modeling well-structured physical relationships. In SVM
models, the inclusion of temperature-related features led to an 83.66% increase in RMSE, although the
wide confidence interval indicates instability. This outcome suggests that kernel-based SVMs may strug-
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gle to generalize when temperature data introduce nonlinear shifts in the decision boundary, highlighting
their dependence on data distribution. The strong responsiveness of LR models to capacity and energy fea-
tures (—80.52%) reflects their parametric nature and reliance on explicit, physically grounded relationships,
which reduces variance but at the cost of higher bias when features deviate from linear assumptions. In
contrast, the moderate improvement observed in RF models with curve shape features (—59.16%) suggests
that ensemble-based approaches can accommodate unstructured feature patterns by averaging across di-
verse decision trees, thereby lowering variance and improving robustness. Notably, RNNs demonstrated
synergistic effects when combined with voltage and time-domain features, resulting in RMSE reductions of
67.50% and 53.48%, respectively. This aligns with sequence learning theory. RNNs are particularly effec-
tive at capturing temporal dependencies, allowing them to leverage rich time-series signals such as voltage
trajectories to improve predictive accuracy.

Model | Feature group | Change in RMSE (%) | p-value | 95% CI lower (%) 95% CI upper (%)
GP Curve shape 193.91 0.00*** 73.61 397.60

Capacity/Energy -53.64 0.00%** -73.75 -18.13
SVM Temperature 83.66 0.05%* -0.31 238.35
LR Time -52.63 0.08* -79.88 11.55

Capacity/Energy -80.52 0.00%** -91.81 -53.67
RF Curve shape -59.16 0.06* -84.39 6.81
RNN V.oltage -67.50 0.03** -88.23 -10.29

Time -53.48 0.01** -75.37 -12.15
Table 4. Percentage Change in RMSE across Model Categories and Feature Groups

The results also reveal that the same feature can have opposite effects depending on the model type. Curve
shape features increased error in GP models but decreased error in RF models, highlighting that feature
usefulness is model-dependent. This divergence reinforces the importance of aligning feature selection with
model-specific inductive biases, such as sensitivity to stationarity, capacity for non-linear partitioning, or
strength in temporal modeling. These insights provide not only empirical guidance for feature engineering
but also explanatory value in understanding model-feature interactions in battery SOH prediction.

Sensitivity Analysis and Publication Bias Test

To evaluate the robustness of the experimental results, we conducted both sensitivity analysis and publica-
tion bias assessment. A Leave-One-Out (LOO) analysis was performed on the 35 included studies to assess
how individual study might influence the overall findings. As shown in Table 5, after excluding any single
study, the remaining data yielded a mean RMSE consistently ranging between approximately 0.0124 and
0.0134, which represents a deviation of less than +4% from the full-sample mean of approximately 0.0129.
Moreover, the 95% confidence intervals of all individual estimates included the overall mean, indicating
that the exclusion of any single study does not statistically alter the overall effect, which demonstrates the
cross-sample robustness of the main results.

We further explored potential publication bias within the dataset using a combination of forest and fun-
nel plots as shown in Figure 3. The forest plot presents the inverse-variance-weighted effect sizes for each
study, ultimately yielding a pooled mean estimate. This visualization provides an intuitive understanding of
the consistency and heterogeneity of study results. Figure 3 (a) presents the weighted average RMSE and
corresponding 95% confidence intervals based on within-study standard deviations across the 35 studies.
20 studies (57%) have confidence intervals that overlap with the pooled mean line, reflecting strong sta-
tistical consistency. In 7 studies (20%), the confidence interval boundary deviates from the pooled mean
by less than 0.0015, suggesting only minor divergence likely attributable to experimental condition differ-
ences, with no substantial impact on overall trends. Figure 3 (b) shows the funnel plot used to evaluate the
risk of publication bias in the RMSE estimates reported across studies. The x-axis represents each study’s
mean RMSE. The red dashed line marks the overall mean RMSE of 0.0144, and the gray dashed lines indi-
cate the boundaries of the 95% CI. High-precision studies (standard error (SE) < 0.003) are symmetrically
distributed around the mean line, while low-precision studies (SE > 0.006) display notable asymmetry,
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Study excluded N remaining | Mean RMSE | 95% CIlower | 95% Clupper | RMSE change | Pct. change (%)
Cai and Lin (2024) 193 0.0127 0.0114 0.0140 -0.0001 -1.1414
Cai et al. (2022) 192 0.0130 0.0117 0.0144 +0.0002 +1.3740
Chen et al. (2023) 191 0.0128 0.0114 0.0141 -0.0001 -0.7046
Dai et al. (2019) 193 0.0129 0.0116 0.0143 +0.0001 +0.6876
Deng et al. (2019) 196 0.0128 0.0115 0.0141 -0.0001 -0.5560
Feng and Yan (2022) 197 0.0128 0.0115 0.0141 -0.0000 -0.1767
Gong et al. (2022) 187 0.0134 0.0120 0.0147 +0.0005 +3.9740
Gou et al. (2020) 193 0.0130 0.0116 0.0143 +0.0001 +0.9011
Guo et al. (2019) 197 0.0127 0.0115 0.0140 -0.0001 -1.0095
He et al. (2024) 194 0.0126 0.0114 0.0139 -0.0002 -1.7359
Hong et al. (2023) 193 0.0128 0.0115 0.0141 -0.0001 -0.6620
Huang et al. (2023) 186 0.0131 0.0118 0.0145 +0.0003 +2.0984
P. Lietal. (2020) 195 0.0129 0.0116 0.0142 +0.0001 +0.4364
Q. Lietal. (2022) 196 0.0128 0.0115 0.0141 -0.0000 -0.3220
X. Lietal. (2020) 192 0.0131 0.0117 0.0144 +0.0002 +1.6453
C. Lin et al. (2022) 191 0.0129 0.0116 0.0143 +0.0001 +0.5248
M. Lin et al. (2022) 195 0.0129 0.0115 0.0142 -0.0000 -0.0620
M. Lin et al. (2023) 196 0.0127 0.0114 0.0140 -0.0001 -1.1074
J. Liu and Liu (2023) 195 0.0129 0.0115 0.0142 +0.0000 +0.0337
S. Liu et al. (2024) 196 0.0128 0.0115 0.0141 -0.0001 -0.6988
Ma et al. (2022) 195 0.0124 0.0112 0.0136 -0.0005 -3.5087
Meng et al. (2023) 195 0.0126 0.0113 0.0139 -0.0003 -1.9639
Peng et al. (2023) 195 0.0129 0.0116 0.0142 +0.0000 +0.0301
Shu et al. (2021) 195 0.0130 0.0117 0.0143 +0.0001 +1.0505
Tian et al. (2020) 195 0.0128 0.0115 0.0141 -0.0001 -0.5445
J. Wang et al. (2022) 196 0.0128 0.0115 0.0141 -0.0001 -0.7385
S. Wang et al. (2025) 194 0.0129 0.0115 0.0142 -0.0000 -0.0759
X. Wang et al. (2024) 195 0.0130 0.0117 0.0143 +0.0001 +1.0066
Wau et al. (2023a) 192 0.0128 0.0114 0.0141 -0.0001 -0.7601
Wu et al. (2023b) 181 0.0131 0.0117 0.0145 +0.0002 +1.7677
Yang et al. (2018) 196 0.0129 0.0116 0.0142 +0.0000 +0.2533
H. Zhang et al. (2023) 193 0.0128 0.0115 0.0142 -0.0000 -0.2873
Y. Zhang et al. (2022) 195 0.0128 0.0115 0.0141 -0.0001 -0.5179
Zhao et al. (2023) 188 0.0130 0.0117 0.0144 +0.0002 +1.4088
Zhu et al. (2022) 193 0.0128 0.0115 0.0142 -0.0000 -0.1383
Table 5. Leave-One-Out Sensitivity Analysis

with results diverging to one side as precision decreases. In the region of higher SE, most data points lie to
the right of the mean (RMSE > 0.02), while the left side (RMSE < 0.01) remains sparsely populated. This
asymmetry suggests that small-sample studies may be more inclined to report prediction errors above the
average. Further inspection reveals that two studies report RMSE values exceeding 0.025, but their stan-
dard error ranges (0.01-0.016) imply that these outliers likely result from extreme experimental conditions
rather than systematic bias. Although the overall distribution is not perfectly symmetric, the dense concen-
tration of points in the core region (SE < 0.006) indicates a low risk of publication bias. In summary, both
the sensitivity analysis and the publication bias assessment support the robustness of the main findings. In
addition to the visual inspection of forest and funnel plots, Egger’s regression test was conducted to quan-
titatively assess potential publication bias. The test examines the association between study precision and
standardized effect size to detect asymmetry in effect estimates. The results show that the intercept was not
statistically different from zero (3, = 10.203, p = 0.307), indicating no substantial evidence of bias across
the 35 studies (p > 0.05), which is consistent with the findings of Figure 3.

Practical Implications

Based on the previously discussed results, coherent practical implications can be formulated, as illustrated in
Figure 4. This process comprises five steps to achieve an optimal output for estimating the SOH of batteries.
First, the project team must define the problem to be solved and assess the available resources. This sets
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Figure 3. Publication Bias Assessment via Forest Plot (a) and Funnel Plot (b)

the foundation for the subsequent stages. Next, the appropriate scenario for the project is chosen by making
a binary distinction between achieving the highest possible performance and adopting a simple, resource-
efficient model structure. Once these initial steps are completed, an optimized output can be generated by
integrating the results from previous sections and making a targeted selection of models, complexity, and
features. In the model complexity step, a distinction is made between using a simple model and extending it
with additional statistical methods and model combinations, referred to as hybrid models. This decision im-
pacts the sophistication and potential accuracy of the SOH estimation. In the model selection step, the basic
model is chosen from various types, including GP, SVM, LR, RF, NN, RNN, and CNN. In the final features
step, the appropriate features are selected, which may include current, voltage, thermal properties, time,
capacity/energy, and waveform characteristics. The selection of relevant features is crucial for the accuracy
and reliability of the SOH estimation. The combination of model complexity, base model, and features, as
derived from previous chapter results, should be harmonized to achieve an optimal outcome. This integrated
approach ensures that the estimation process is both efficient and effective, leveraging the strengths of vari-
ous models and features to provide a robust SOH assessment. To further illustrate the practical value of the
proposed five-step guideline and highlight this study’s contribution to the Information Systems community,
we present two real-world application scenarios.

Scenario 1: Explainable and transparent battery health monitoring for electric vehicles

An electric vehicle manufacturer faced increasing demands from multiple stakeholders for transparent and
trustworthy battery health data, particularly regarding the degradation across the battery’s lifecycle (Step
1). The company needed to balance predictive accuracy with result transparency, taking into account the
computational resource constraints at the Battery Management System (BMS) (Step 2). Consequently, the
company opted for a resource-efficient and highly interpretable ML model (Step 3) and selected the random
forest model for deployment on the battery BMS (Step 4). Given the limitations of BMS computational and
storage capacity, the company focused feature engineering efforts on core indicators such as statictics from
IC curve and time (Step 5) to optimize computational efficiency, and finally uploaded battery health data
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Figure 4. Process of Practical Implication with Scenario 1 (Green) and 2 (Blue).

to a blockchain network. This scenario integrates local computation with blockchain-based data sharing,
providing strong decision support for compliance in electric vehicle applications.

Scenario 2: High-precision real-time monitoring for energy storage management

A renewable energy supplier planned the deployment of large-scale energy storage stations and required
real-time monitoring of SOH across thousands of battery units to optimize charging-discharging strategies
and prevent failures. With sufficient budget and the capacity to build a cloud computing center (Step 1),
the company opted for complex, high-performance model structures (Steps 2 and 3) and deployed a hybrid
CNN-LSTM DL architecture in the cloud (Step 4). During feature selection, to reduce the network trans-
mission burden, the company concentrated on high-frequency voltage signals and temporal features (Step
5), thereby saving computational resources and lowering operational costs. This scenario demonstrates the
potential of IS technologies in driving the digital transformation of the energy sector and offers an exten-
sible solution template for enterprises pursuing Software as a Service (SaaS) based business models. These
two real-world application cases underscore the theoretical and practical significance of our five-step guide-
line for IS research. They not only demonstrate how data-driven SOH prediction models can be effectively
aligned with business needs and IS technologies (such as cloud computing and blockchain) but also offer ac-
tionable insights for the IS community regarding asset lifecycle optimization, resource allocation decisions,
and innovations in digital transformation.

Limitations, Further Research Agenda and Conclusion

Through a systematic meta-analysis, we uncover some key patterns in data-driven battery SOH prediction.
In scenarios where computational resources are abundant and high prediction accuracy is required, hybrid
DL models show significant advantages. The hybrid CNN based models achieved the lowest mean RMSE
(0.0064) among all models and 63.2% lower than its baseline counterpart. It also reduces the standard
deviation range by 48%, indicating enhanced robustness in addition to improved accuracy. In resource-
constrained scenarios, such as when the prediction model needs to be embedded in BMS or used for offline
SOH estimation, traditional ML models like random forest offer lightweight yet competitively accurate so-
lutions (RMSE = 0.0109 + 0.0044). These results highlight the necessity of aligning model selection with
contextual application needs. Interaction analysis between models and features further reveal that specific
feature groups can significantly enhance model performance. For instance, the inclusion of time-domain
features notably improves the predictive accuracy of both LR and RNN. Meanwhile, the results also indicate
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substantial heterogeneity in how features influence model performance. For example, curve shape features
increased the prediction error of GPR by 193.91%, while reducing the error of RF models by 59.16%. This
variation may stem from the alignment between the physical characteristics of the features and the mathe-
matical principles underlying different model architectures, underscoring the importance of model-feature
compatibility. From a practical perspective, these findings offer quantitative evidence for designing feature
selection strategies tailored to specific modeling approaches. This enables more efficient allocation of time
and financial resources by focusing on the most informative features, thereby reducing computational costs,
speeding up model training, and improving overall predictive performance for each architecture. The robust-
ness of the study’s conclusions was confirmed through sensitivity analysis and publication bias tests. LOO
sensitivity analysis revealed that removing any single study did not substantially affect the overall RMSE
estimate. Furthermore, funnel and forest plot analyses did not indicate any notable risk of publication bias,
enhancing the credibility of the results. Based on these empirical findings, we developed a practical decision
support guideline to provide practitioners with clear and actionable guidance for selecting appropriate SOH
prediction strategies in real-world applications.

This research contributes to both the field of battery health management as well as the IS domain in three
core ways. First, it offers a methodological breakthrough by systematically applying meta-analysis to this
domain, establishing a quantitative mapping between scenario, model, and features. This helps fill the gap
in performance evaluation standards and provides a replicable empirical framework for cross-study com-
parisons. Second, it delivers decision support for real-world applications. Based on cross-study evidence, we
present a practical guideline for SOH model development, which helps organizations to dynamically align
business requirements, data availability, and algorithmic properties to efficiently identify optimal prediction
strategies. This reduces trial-and-error costs and minimizes resource waste. Finally, by introducing battery
health prediction into the IS research domain, the study integrates data analytics, predictive modeling, and
decision support for practical scenarios, offering a paradigm for sustainable energy management and ad-
vancing the theoretical and practical role of IS in the digital transformation of energy systems.

Although this study identifies key patterns between data-driven battery SOH prediction models and feature
engineering strategies through a systematic meta-analysis, several limitations remain. First, despite the rig-
orous selection of 35 Q1 journal articles encompassing 199 experimental records, the sample size is still too
small to cover all potential model variants, including emerging architectures such as transformers and graph
neural networks. The relatively wide confidence intervals associated with small-sample studies may reduce
the stability of effect size estimates. Second, some studies in the dataset did not disclose source code or ex-
periment details, making it difficult to reproduce and interpret extreme results. The lack of methodological
transparency also limits the generalizability of their design principles. Third, the datasets used in this study
are limited to commercial batteries tested under laboratory conditions, which may not fully represent real-
world operating environments. To address these limitations, future research can proceed in following direc-
tions. First, expanding the dataset both in size and diversity by including also Q2 journal articles and con-
ference proceedings would improve coverage. Additional experimental details may also be obtained through
contacting direct authors, thereby enhancing the interpretability of model results. Furthermore, data pre-
processing procedures can also be included into the meta-analysis framework and thus help minimize the
risk of unobserved bias and provide a more comprehensive understanding of performance determinants.
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