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Abstract 

The transition toward sustainable energy systems requires reliable and durable energy storage 

technologies, with lithium-ion batteries (LIBs) being central to electrification and the integration of 

renewables. However, the decline in capacity per cycle, referred to as the degradation rate (DegRate), 

decreases the lifetime and performance of LIBs, thereby limiting their ecological and economic 

benefits. To address this, we conducted the first meta-analysis of LIB degradation, drawing on 146 

studies and 917 effect sizes. The analysis accounts for the heterogeneity in reported DegRates using 

explanatory variables grouped into battery differences, experiment-, measurement-, and publication-

specific categories. Across studies, we found a median DegRate of 0.04 %/cycle, with cut-off charge 

voltage and temperature emerging as the dominant influencing factors. Using meta-regression, we 

quantify the effects of these explanatory variables. Furthermore, we establish a forward-looking 

quantitative benchmark: under extreme cold (<0 °C) and very high charge cut-off voltages, model-

implied mean DegRates for graphite-based systems reach 0.68–1.41 %/cycle (14–29 cycles). For 

promising Si-based chemistries, the benchmark is more prospective with model-implied mean 

DegRates of 0.98 – 1.71 %/cycle (11–20 cycles), with higher uncertainty in these sparsely covered 

regimes, as reflected in the confidence intervals. This study highlights critical gaps in the experimental 

matrix and, rather than relying on a single estimate, establishes quantitative benchmarks for LIB 

degradation that serve as a reference for future research, particularly for combinations of operating 

conditions that have not yet been experimentally explored. 

__________________________________________________________________________________ 

Keywords: Lithium-ion battery, Degradation rate, Determinants, Cycle life estimation, Meta-analysis 
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Abbreviations  

BMA Bayesian model averaging 

CI Confidence interval 

CV Constant voltage 

DegRate Degradation rate 

DoD Depth of discharge 

EoL End-of-life 

Eq. Equation 

LIB Lithium-ion battery 

MCMB Mesocarbon microbeads 

MRA Meta-regression analysis 

PICOS Population, Intervention, Comparison, Outcomes, Study design 

PIP Posterior inclusion probabilities 

PMP Posterior model probabilities 

Post Posterior 

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

SD Standard deviation 

SEI Solid electrolyte interphase 

Si-based Silicon-based 

SoC State of charge 

Std. Dev. Standard deviation 

UW Unweighted 

VIF Variance inflation factors 

WLS Weighted least squares 
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1 Introduction 

Lithium-ion batteries (LIBs) have become the cornerstone of modern energy storage systems. With 

high energy density, and long cycle life, they are applicable in various applications. However, the 

performance and ultimate lifespan of LIBs are subject to limitations determined by cathode/anode 

chemistry, multiple cell formats, such as pouch, cylindrical, or coin cells, and operational parameters 

like charge/discharge behavior [1–5]. Understanding and quantifying the degradation mechanisms is 

therefore essential to improve LIB-systems and extend their lifespan. Thermal instability and side 

reactions at the electrode-electrolyte interface contribute to capacity loss and safety risks as recent 

studies show [6–8]. Especially the development of advanced electrode materials is focus of scientific 

work, with intercalation-type materials like LiCoO₂ (LCO), LiFePO₄ (LFP), and LiNi₀.₈Mn₀.₁Co₀.₁O₂ 

(NMC811) dominating current LIBs due to their structural stability and reversibility with extended 

lifespan and flexible charge-discharge ability. Recent reviews have also highlighted the emergence of 

nanostructured and doped materials, as well as high-nickel containing cathodes and silicon-based (Si-

based) anodes, which aim to overcome the limitations of traditional materials and meet the growing 

demand for high-performance and sustainable batteries [9–11]. While a large body of literature 

describes these physicochemical processes (among others, [6–8]), Dechent et al. [9] present an 

approach to visualize lithium-ion cells in an energy-power plane, encoding lifetime via energy-

throughput- and full-equivalent-cycle-based indicators and cycling temperature across different 

electrode materials. However, despite such large-scale syntheses that summarize lifetime trends, the 

marginal effect of specific drivers remains unquantified. In particular, it is currently unclear how much 

degradation is driven by internal (material/cell format) versus external (operational) factors when both 

are statistically controlled simultaneously, given the accumulated heterogeneity across experimental 

studies. This heterogeneity arises from differences in experimental design, measurement approaches, 

and battery-specific characteristics, which together lead to substantial variation in degradation rate 

(DegRate). The present meta-analysis aims to identify the factors most responsible for this variability. 

To the best of our knowledge, we present the first meta-analysis in the field of battery degradation. 

Meta-analysis is an established method for secondary research with applications in medicine [10–13], 

economics [14–18], and engineering [19–29], among others. By comparing experimental data, 

operating conditions, and diagnostic techniques, this study quantifies battery degradation mechanisms 

and performance loss over time, as well as highlighting current gaps in research. Thereby, the 

cumulating effects that affect lifetime, cycle stability, and loss of capacity can be distinguished and 

traced back. 

A LIB consists of a graphite anode, a lithium metal oxide cathode (e.g., LiCoO2, LiFePO4 or 

Ni0.8Mn0.1Co0.1O2), a porous separator, and an organic liquid electrolyte (e.g., LiPF6). During 

discharge, as shown in Figure S1, lithium-ions migrate from the anode through the electrolyte to the 

cathode while electrons are conducted in an external circuit to the consumer delivering electrical 

energy (Eq. (1)). This process is reversed during charging (Eq. (2)). 
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Discharge: 

𝐿𝑖𝑦  𝑀  ↔  𝐿𝑖𝑥  𝑀 𝑛+ +  𝑛𝑒− (1) 

Charge: 

𝐿𝑖𝑥  𝑀 𝑛+ +  𝑛𝑒−  ↔  𝐿𝑖𝑦  𝑀 (2) 

Whereas  𝐿𝑖𝑥  𝑀 𝑛+ is the oxidized/discharged state of the cathode material (M = Ni, Co, Mn, Al,...), n 

is the number of transferred electrons and 𝐿𝑖𝑦  𝑀 is the reduced/charged state of the anode material [8]. 

The electrochemical performance of the battery varies strongly depending on the choice of active 

materials (anode, electrolyte, cathode), cell format (e.g., pouch, cylindrical, prismatic, or coin), 

charge-discharge behavior and cell environment (temperature). Recent progress was made with solid-

state electrolytes, silicon-based electrodes and high-nickel cathodes such as NMC to improve energy 

density and safety [30]. 

Strategies to enhance the performance of LIBs are dimension reduction, composite formation, doping, 

morphology control, thin film coating and encapsulation or electrolyte modification as Nitta et al. [30] 

report early [8,31]. A breakthrough was made with the development of commercial intercalation 

materials such as lithium cobalt oxide (LCO), lithium nickel cobalt manganese oxide (NMC), lithium 

nickel cobalt aluminum oxide (NCA), lithium iron phosphate (LFP) or lithium titanium oxide (LTO). 

In contrast, conversion materials like alloyed anodes (Si, Ge, Sn) or metal halides (F, Cl, Br, I) show 

good performance. Specific capacities of 80 to 230 mAh/g can be reached [32]. Du et al. [32] report 

that in an ideal lithium battery system, the only occurring physicochemical process is the shuttling of 

lithium-ions between anode and cathode. Unfortunately, several side reactions and other processes 

occur in state-of-art batteries. Those degradation processes result from the interaction between internal 

factors such as cell format, choice of cathode, anode and electrolyte, and external and operational 

factors such as temperature, C-rate, state of charge (SoC) and depth of discharge (DoD). Thereby 

induced irreversible reactions in the electrochemical cell, with change of material composition, lead to 

lowering cell voltage and capacity, therefore cycle number and lifetime of the battery. 

In detail, loss of active material, graphite exfoliation, Al-foil corrosion and electrolyte decomposition 

can be caused by thermal instabilities, mechanical stress, deep discharging or overcharging, forcing 

side reactions at the SEI with loss of capacity, and impedance growth [30,32]. More information on 

the occurring degradation processes is available in the Supplementary Material (S.2). 

To evaluate the relation between the internal and external effects on DegRate of the battery cells, 

quantitative data from experimental studies were collected and clustered in this study as shown in 

Figure 1. 

Although lithium-ion battery degradation has been extensively studied in primary experiments and 

narrative reviews, the field lacks a systematic, quantitative synthesis that standardizes outcomes across 
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heterogeneous study settings, identifies key drivers in a multivariate framework, and transparently 

documents areas of dense versus sparse evidence. This meta-analysis addresses these gaps by 

harmonizing 146 studies (917 observations) into a common effect size (DegRate). We estimate 

multivariate moderator effects in a meta-regression framework to quantify how key moderators shape 

degradation across battery differences, experimental characteristics, measurement characteristics, and 

publication characteristics. We also apply Bayesian model averaging to quantify moderator importance 

and posterior effect estimates under model uncertainty. Beyond confirming established qualitative 

insights, we provide descriptive quantitative degradation benchmarks. In addition, we use the 

estimated moderator effects to generate model-implied scenario estimates of DegRate across 

experimental settings, including combinations that are only partially represented in the literature. 

Where evidence is limited, we reflect this explicitly in wider uncertainty intervals, and the resulting 

heatmaps, which visualize evidence density across experimental regimes, highlight priorities for future 

experimental work. 

 

Figure 1: Overview of the meta-analysis framework on the degradation of LIBs. 

2 Methodology 

2.1 Literature Search 

To examine the aggregated effect of reported DegRates of LIBs and the factors contributing to its 

heterogeneity within and across studies, we constructed a meta-data set through a string-based 

keyword search of scientific literature using Google Scholar on April 20, 2024, in accordance with the 
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established guideline for meta-analysis [33]. We developed the search string using the PICO 

(Population, Intervention, Comparison, and Outcomes) framework introduced by Richardson et al. 

[34]. We applied its extended form, PICOS, which includes study design, as recommended by 

Campbell Collaboration [35] (Table S1). The framework was implemented through an iterative 

process, in which successive versions of the search string were tested and refined. The string was 

narrowed when the results predominantly included irrelevant studies and broadened when important 

studies were missing. The final dataset comprised 2,210 studies, of which 239 were identified as 

duplicates. 

A uniform effect size is the key input for meta-analysis. Following the literature, we define the 

DegRate as a capacity loss leading to 80 % of the initial capacity as a function of the number of 

charge-discharge cycles [4,36,37]. Conceptually, DegRate is an interval-averaged measure of capacity 

fade per cycle until the capacity declines to 80% of its initial value. Therefore, DegRate is an end-of-

life benchmark, not a local slope at a specific cycle number, and it does not identify underlying 

degradation mechanisms on its own. While degradation trajectories may differ, they are comparable in 

terms of the average fade required to reach a common end-of-life threshold, which is particularly 

useful, given that studies report capacity trajectories at different temporal resolutions and levels of 

detail. If a battery’s end-of-life (EoL) threshold was not reached due to exceptionally high cycle 

stability, the DegRate was calculated based on the slope of the capacity degradation curve up to the 

last reported cycle, similar to the approach of Dechent et al. [9]. When the DegRate was presented 

only in graphical form, we manually extracted the values using WebPlotDigitizer (version 5.0, 

https://automeris.io/WebPlotDigitizer). To account for systematic differences, we explicitly coded the 

shape of the degradation trajectory and statistically controlled for it in the meta-regression analysis. 

During the full-text screening process, we considered only studies that met the following criteria: (i) 

Studies had to report the DegRate of LIBs as defined above. (ii) We excluded studies focusing solely 

on half cells, as full-cell configurations provide a more practical assessment of degradation by 

capturing the realistic interaction between the anode and cathode. (iii) Studies had to examine the LIB 

experimentally using cycle tests (reviews and other secondary literature were excluded). (iv) In 

addition, we excluded studies that report degradation per full equivalent cycle rather than per 

individual charge-discharge cycle, as the two metrics are not directly comparable. (v) Studies focusing 

on battery packs were also excluded, since pack-level degradation can be influenced by 

interconnection effects that do not reflect cell-level behavior. The systematic literature screening 

process, as illustrated in the PRISMA flowchart (Figure S2), resulted in a final dataset of 146 primary 

studies (Table S2), most of which reported multiple DegRate observations, totaling 917 data points. 

This dataset forms the basis for the descriptive analyses presented in Section 3.1. 

2.2 Dataset Construction 

We conducted an in-depth analysis of the full texts and supplementary materials to extract potential 

moderators determining the differences in reported DegRate observations. In total, we identified 67 
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moderator variables spanning both numerical and categorical variables. We excluded moderators with 

substantial missing numerical data, such as experimental duration, battery mass, and electrolyte 

composition. Similarly, we omitted depth of discharge and state of charge, as most studies defined the 

operating window through charge and discharge cut-off voltages rather than reporting these values 

directly. The full dataset of 146 studies and 917 observations was used for descriptive analyses, 

providing the most comprehensive representation of reported degradation behavior. The identified 

moderators can be classified into five main categories: publication characteristics, battery differences, 

measurement characteristics, experimental characteristics, and control variables. We included 

publication characteristics, such as the number of Google Scholar citations per year, to test whether 

more frequently cited papers tend to report more extreme effect sizes. Battery differences address 

electrode chemistry and cell format, as these factors may influence degradation outcomes 

systematically. Measurement characteristics cover aspects such as the applied charge–discharge 

protocol, and whether known defects were revealed by the analysis before or after the experiment. 

Known defects are defined as visible or measurable degradation mechanisms that are consistently 

addressed in review studies [3–5,38]. Experimental characteristics describe the operational conditions 

during cycling, such as the temperature settings and the charge cut-off voltages. Finally, control 

variables capture the shape of the degradation trajectory (linear, decelerated, or accelerated) [39] and 

examine whether DegRate was affected by the battery's origin from a specific manufacturer. The final 

set of categories, along with study n and observation m counts, is summarized in Table 1. For 

regression analyses, sparsely represented categorical moderators were merged into broader groups to 

ensure sufficient representation, statistical validity, and comparability. 

Table 1: Variable description 

Variable Description Mean Std. Dev. n (m) 

Battery differences 
      

CATHODE: LFP =1, if the cathode is LFP 0.160 0.367 27 (142) 

CATHODE: LCO =1, if the cathode is CO 0.102 0.303 16 (91) 

CATHODE: NCA =1, if the cathode is NCA 0.057 0.233 14 (51) 

CATHODE: NMC* =1, if the cathode is NMC 0.550 0.498 75 (488) 

CATHODE: LMO =1, if the cathode is LMO 0.020 0.141 6 (18) 

CATHODE: LNMO =1, if the cathode is LNMO 0.020 0.141 5 (18) 

CATHODE: NMC+NCA =1, if the cathode is NMC+NCA 0.027 0.162 3 (24) 

CATHODE: NCA+LNO =1, if the cathode is NCA+LNO 0.021 0.145 1 (19) 

CATHODE: LNCO =1, if the cathode is LNCO 0.007 0.082 1 (6) 

CATHODE: LNO =1, if the cathode is LNO 0.005 0.067 1 (4) 

CATHODE: NCA+LMO =1, if the cathode is NCA+LMO 0.005 0.067 1 (4) 

CATHODE: NMC+LMO =1, if the cathode is NMC+LMO 0.026 0.159 6 (23) 

ANODE: SI-BASED =1, if the anode contains silicon 0.084 0.277 11 (70) 

ANODE: GRAPHITE* =1, if the anode is graphite 0.810 0.392 103 (679) 

ANODE: MCMB =1, if the anode is MCMB 0.057 0.233 9 (48) 

ANODE: LTO =1, if the anode is LTO 0.031 0.173 6 (26) 

ANODE: OTHER CARBON =1, if the anode is made of any other type of 

carbon 

0.018 0.133 5 (15) 

FORMAT: COIN CELL =1, if the Battery is a coin cell 0.125 0.331 20 

(106) 

FORMAT: POUCH CELL =1, if the Battery is a pouch cell 0.377 0.485 41 

(319) 
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FORMAT: PRISMATIC CELL =1, if the Battery is a prismatic cell 0.071 0.257 11 (60) 

FORMAT: CYLINDRICAL CELL* =1, if the Battery is a cylindrical cell 0.427 0.495 63 

(362) 

Measurement characteristics     

MEASUREMENT: RPT =1, if the capacity was determined by RPT 0.439 0.497 57 

(401) 

MEASUREMENT: KNOWN DEFECT =1, if the study reports any known defect 0.456 0.498 75 

(413) 

MEASUREMENT: CV CHARGE PROTOCOL =1, if a constant voltage protocol was used 0.747 0.435 95 

(677) 

MEASUREMENT: CONSTANT DISCHARGE 

PROTOCOL 

=1, if a constant discharge protocol was 

used 

0.945 0.228 132 

(860) 

Experimental characteristics     

EXPERIMENT: TEMPERATURE Temperature of the experiment in °C 26.487 17.055 126 

(833) 

EXPERIMENT: TEMPERATURE COLD =1, if the temperature is below 0 °C 0.082 0.274 10 (68) 

EXPERIMENT: TEMPERATURE LOW =1, if the temperature is between 0 °C and 

20 °C 

0.066 0.248 16 (55) 

EXPERIMENT: TEMPERATURE WARM =1, if the temperature is between 20 °C and 

40 °C 

0.606 0.489 103 

(505) 

EXPERIMENT: TEMPERATURE HOT =1, if the temperature is 40 °C or above 0.246 0.431 41 

(205) 

EXPERIMENT: CUT-OFF CHARGE VOLTAGE Charge cut-off voltage of the experiment 4.127 0.352 133 

(859) 

EXPERIMENT: CUT-OFF DISCHARGE 

VOLTAGE 

Discharge cut-off voltage of the experiment 2.659 0.504 129 

(828) 

EXPERIMENT: OVERCHARGED =1, if the Battery is overcharged 0.058 0.234 5 (53) 

EXPERIMENT: OVERDISCHARGED =1, if the Battery is overdischarged 0.026 0.160 4 (24) 

EXPERIMENT: STANDARD 

CHARGE/DISCHARGE 

=1, if the Battery undergoes standard 

(dis)charge cycles 

0.916 0.278 140 

(838) 

EXPERIMENT: CHARGE RATE Charge rate of the experiment 0.980 0.986 138 

(861) 

EXPERIMENT: DISCHARGE RATE Discharge rate of the experiment 1.542 5.246 138 

(881) 

EXPERIMENT: REST TIME =1, if there is a rest time between charging 

and discharging 

0.292 0.455 51 

(263) 

Control variables     

CONTROL: DECELERATED =1, if the degradation curve has a 

decelerating shape 

0.408 0.492 68 

(366) 

CONTROL: ACCELERATED =1, if the degradation curve has an 

accelerated shape 

0.238 0.426 58 

(214) 

CONTROL: LINEAR* =1, if the degradation curve has a linear 

shape 

0.354 0.479 89 

(318) 

CONTROL: BATTERY MANUFACTURER =1, if the battery manufacturer is known 0.638 0.481 90 

(585) 

Publication characteristics  
   

PUBLICATION: YEAR Publication year of the study 2020.213 2.989 146 

(917) 

PUBLICATION: GOOGLECITS Google citations per study 52.568 121.582 146 

(917) 

PUBLICATION: AUTHOR INDUSTRY 
=1, if one author has a connection to the 

industry 

0.262 0.440 34 

(240) 

PUBLICATION: CONFERENCE PAPER =1, if the paper is a conference paper 0.085 0.279 13 (78) 

Notes: This table presents the definition and summary statistics of the variables included in the meta-analysis based on n = 

146 studies and m = 917 observations. Dummy variables are coded 0/1; their means equal sample shares. * marks the 

omitted baseline category in each N–1 related dummy set used in the meta-regression. 

To enhance interpretability and reduce redundancy, highly correlated moderators were either 

simplified or omitted. For instance, rest time after charge or discharge was simplified to a binary 

indicator, while cathode structure was excluded due to its strong correlation with cathode material. 
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Variance inflation factors (VIF) were then calculated and found to be well below the conventional 

threshold of 5 [40], confirming that multicollinearity is not a concern in the meta-regression models. 

To improve the model's fit and reduce bias, selected continuous moderators were transformed using 

the natural logarithm. Specifically, the publication year was transformed relative to the earliest year in 

the dataset to ensure comparability over time. Rather than including total citation counts, which would 

disproportionately favor older studies, log-transformed annualized Google Scholar citations per study 

were used to account for differences in publication age, following established best practice [41–44]. In 

addition, the charge rate, discharge rate and charge and discharge cut-off voltages were all log-

transformed to reduce the influence of extreme values and ensure a more balanced representation 

across their wide ranges. Because of these adjustments and inconsistent moderator reporting across 

primary studies, the dataset for regression-based analysis was restricted to cases without missing 

values. This resulted in a final dataset of 88 studies and 627 observations. 

2.3 Meta-regression Analysis and Bayesian Model Averaging 

The large design space in battery-aging studies, driven by variations in experimental, measurement, 

and battery-specific factors, introduces substantial heterogeneity, resulting in considerable variability 

in reported DegRates. To disentangle the contributions of each moderator, we estimate a single-model 

meta-regression (MRA), following Stanley and Jarrel [45], that provides direct coefficient estimates, 

quantifying their average impact on DegRate (Eq. (3)). Each coefficient reflects the change in mean 

DegRate, expressed in percentage points per cycle, associated with a one-unit increase in the 

respective moderator. 

𝐷𝑒𝑔𝑅𝑎𝑡𝑒𝑚𝑛 = 𝛼 + ∑ 𝛽𝑘𝑍𝑚𝑛𝑘 + 𝜀𝑚𝑛 

𝐾

𝑘=1

 (3) 

𝐷𝑒𝑔𝑅𝑎𝑡𝑒𝑚𝑛 represents the DegRate of the m-th estimate from the n-th study, 𝛽𝑘 are the meta-

regression coefficients, 𝑍𝑚𝑛𝑘 signifies the set of K moderator variables, and 𝜀𝑚𝑛 is the error term. 

Since multiple observations are often reported within the same primary study, we clustered robust 

standard errors at the study level to account for within-study dependencies. This common practice 

mitigates undue influence from studies with many estimates and ensures a more balanced synthesis of 

the evidence [15,46]. 

We also follow an established approach in meta-analysis and employed Bayesian model averaging 

(BMA) to address model uncertainty and to analyze the simultaneous influence of multiple moderators 

on DegRate [19,47–51]. The fundamental idea of BMA is to estimate a large set of meta-regression 

models, each representing a different subset of moderators. This would involve estimating 2K possible 

regression specifications, where K is the number of explanatory variables in the meta-regression. 

Because estimating all possible model specifications would be substantial resource-intensive, we 

employed Markov Chain Monte Carlo Model Composition. This algorithm efficiently samples the 

model space by prioritizing specifications with higher posterior model probabilities (PMP), thereby 
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reducing the computational burden while maintaining statistical rigor. The PMP quantifies the 

explanatory power of each model specification and is conceptually similar to the adjusted R2 in 

classical regression analysis. By averaging over all sampled models, BMA produces posterior 

inclusion probabilities (PIP) for each moderator. The PIP ranges between 0 and 1, representing the 

likelihood that a moderator belongs in the true degradation model [52]. To account for potential 

collinearity among moderators, we applied a dilution prior, as proposed by George [53]. This assigns 

lower weight to models with highly correlated predictors due to lower determinant of their correlation 

matrix. Additionally, we implemented unit-information g-prior, which assumes that the prior 

information corresponds to that of a single observation [54]. Furthermore, BMA provides posterior 

means (Post Mean) that describe the magnitude and direction of the effect, along with corresponding 

posterior standard deviations (Post SD) that represent the associated uncertainty. Based on the PIP 

derived from BMA, we also restricted the single-model meta-regression, excluding moderators with 

little or misleading explanatory power.  

A methodological challenge arises from the fact that primary studies on battery degradation rarely 

report standard errors of their effect sizes. In conventional meta-regression, such information is 

necessary to construct weighted least squares (WLS) regressions, assigning greater weight to more 

precise studies [18]. Since our meta-dataset comprises experimentally observed DegRate rather than 

statistical estimates, and because, to the best of our knowledge, this is the first meta-analysis of LIB 

degradation, we present baseline results from unweighted MRA. Nevertheless, we provide robust 

results using WLS meta-regressions, applying two alternative weighting schemes in place of standard 

errors to control potential heteroscedasticity in the regression residuals. The first model (WLS1) 

applies inverse weights based on the number of observations per study, an established approach in 

meta-analysis research [55], preventing studies with disproportionately many data points from 

influencing the results. WLS1 is simple and transparent, however it does not account for differences in 

study quality or measurement reliability beyond the number of reported observations. The second 

model (WLS2) relies on a custom study-quality index that penalizes the lack of key methodological 

details or the failure to reach the EoL threshold of 80 % each resulting in a two-point penalty, while 

missing information on the tested battery incurred a one-point penalty [19]. In total, studies could 

accumulate up to 15 penalty points, with higher scores indicating lower reliability (Table S8). We then 

transformed the penalty score into a continuous quality measure using 1/(1+penalty), producing a 

normalized index where values approaching 1 indicate higher-quality studies. WLS2 reflects 

heterogeneity in reporting completeness and methodological rigor, which would otherwise be treated 

equally in an unweighted specification. However, since the index is self-constructed, it necessarily 

involves subjective design choices. Finally, the estimated coefficients enable us to create hypothetical 

study scenarios by assigning specific values to moderators. These scenarios provide model-implied 

benchmark estimates of expected degradation outcomes under given conditions, thereby illustrating 

the practical impact of moderators on DegRate. 
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3 Results and Discussion 

This section presents the core findings of the meta-analysis on LIB degradation. Drawing on our 

dataset of 146 primary studies we identify key patterns, sources of variability, and trends in 

degradation behavior. The results offer a quantitative foundation for understanding how various 

experimental and design factors influence battery performance over time. 

 

Figure 2: Histogram of reported DegRate across all included 146 studies (n) and 917 observations (m). The x-axis is 

displayed on a logarithmic scale to accommodate the wide range of reported values. The solid green indicates the arithmetic 

mean (0.23 %/cycle), while the dashed red line represents the median (0.04 %/cycle) of the whole sample. 

The distribution of DegRate exhibits a pronounced right-skewed shape (Figure 2). The median 

DegRate of our full sample of 146 studies and 917 observations is 0.04 %/cycle, while the mean is 

0.23 %/cycle. The values observed range from nearly 0 % to about 8 %/cycle, highlighting the 

considerable heterogeneity within the dataset and the need for comprehensive meta-analysis to explore 

the drivers of this variability.1 In terms of cell origin, 503 of the 917 observations (87 studies) are 

based on commercial cells, 306 observations (43 studies) on non-commercial cells, and the remaining 

108 observations (22 studies) lack sufficient reporting for classification. A more granular 

categorization of the non-commercial group (e.g., lab-scale vs. pilot-line prototypes) was not feasible 

because such information is rarely reported in the primary literature. To increase transparency, we 

coded studies by investigating either high-power or high-energy batteries when this information was 

available in the primary sources. Among the 146 studies (917 observations), 26 (198 observations) 

were classified as high-energy, and 25 (124 observations) were classified as high-power. The 

remaining studies were unclear because of insufficient reporting. Due to sparse coverage, we could not 

consider these variables further in our analysis. The large variation of DegRate suggests that numerous 

                                                      
1 This observation is further supported by Figure S3, which exemplifies the distribution of DegRate based on a 

subset of 47 Studies. 
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study-specific aspects play a significant role in influencing degradation behavior, including 

experimental characteristics, measurement characteristics, and battery differences. The strength of the 

evidence depends not only on the quality of the underlying experimental data, but also on the number 

of observations available for a given combination of moderators. While individual studies may rely on 

robust experimental methods, limited data density reduces statistical power and constrains the 

generalizability of effect estimates. Consequently, results based on a small number of observations or 

studies should be interpreted with caution. Nevertheless, these cases are reported because they 

highlight underexplored regimes and help identify research gaps. In the following sections, we 

examine which specific factors of data and study design are associated with higher or lower DegRate. 

3.1 Univariate Meta-Analysis 

The univariate analysis is based on the full sample ensuring the most comprehensive coverage of 

reported DegRate. This allows for an initial investigation of potential influencing factors prior to the 

extensive data harmonization required for the regression models (e.g., merging sparse categories, 

simplifying correlated moderators, and applying transformations), which reduces the number of 

observations for the analysis. To systematically investigate the observed heterogeneity in DegRate, we 

examined both experimental parameters (such as temperature and voltage range) and battery 

differences (including anode and cathode materials, as well as cell format). Figure 3 summarizes these 

effects by displaying the mean DegRate and their 95 % confidence intervals for all the main moderator 

categories and their subgroups. The number of studies n and observations m underlying each estimate 

is reported, and subgroup means are further aggregated when they share common characteristics. 
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Figure 3: The mean DegRate are shown for the following subcategories: cathode, anode, cell format, temperature, voltage 

conditions, and C-rates (charge and discharge rates). Temperature categories are defined as follows: cold <0 °C, low [0 –

 20 °C), warm [20–40 °C), and hot ≥40 °C. Charge and discharge rates are grouped as follows: ≤0.5C, (0.5–1C], (1 – 2C], 

and >2C. The points represent the means of the subgroups, and the horizontal lines indicate the 95 % confidence intervals. 

Curly brackets group subcategories with common characteristics, and the corresponding aggregated mean values with 

confidence intervals are displayed on the right. The number of studies n and observations m for each subcategory in the 

whole sample of 146 studies and 917 observations are shown on the left and the CI lower boundary is truncated at zero. For 

full results, see Table S3. 

A key result emerges from comparing cathode materials, revealing clear differences in mean DegRate 

and its 95 % confidence intervals. LFP cathodes do not exhibit exceptionally low values, contradicting 
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the common assumption of their superior cycle stability, with a mean of 0.16 [0.10; 0.22] %/cycle 

[4,56]. However, Black et al. [57] show that LFP cells can undergo markedly accelerated aging at 

elevated temperatures, and Azam et al. [58] further report inferior high-temperature cycling 

performance for LFP compared with NMC under comparable conditions. NMC- and NCA-based 

cathodes have an average of 0.22 [0.17; 0.27] %/cycle but show substantial internal variation, partly 

driven by varying sample sizes. This is consistent with known structural degradation pathways of 

nickel-rich layered oxides, where delithiation-induced phase transitions and oxygen release can 

increase resistance growth and cycling instability. LCO cathodes show comparatively higher aging, 

with a mean of 0.33 [0.21; 0.46] %/cycle, which could indicate a reduced service life. This may reflect 

intrinsic cycle life limitations or the fact that this well-studied material is probably often tested under 

harsher or more demanding conditions nowadays, which can amplify DegRate [59,60]. Mixed 

chemistries, such as NCA+LMO and NMC+LMO, are among the lowest at 0.08 [0; 0.17] %/cycle, 

which may indicate synergistic stability benefits. Interpretation, however, is limited by the small 

sample size. 

Clear differences in DegRate central tendency are also observed across the various anode groups. 

Graphite is by far the most frequently studied anode material (n = 679, m = 103) and is a well-

established technology often used as a benchmark. Its mean DegRate of 0.25 [0.20; 0.31] %/cycle is 

relatively high; although graphite is known for its cycle stability, the elevated DegRate observed in 

some studies is likely due to testing under more extreme conditions, which can promote SEI growth, 

structural disordering, and lithium plating. MCMB (mesocarbon microbeads), a synthetic form of 

graphite, shows a lower mean of 0.08 [0.06; 0.10] %/cycle. The reduced DegRate can be attributed to 

their high rate capability and good cycle performance, albeit at higher production cost [61,62]. In 

contrast, silicon-based anodes exhibit a higher mean of 0.44 [0.25; 0.63] %/cycle with a markedly 

wider spread, consistent with well-known challenges such as volume expansion and structural 

instability during cycling [3,63,64]. LTO anodes show a relatively low mean of 0.09 [0.00; 0.24] 

%/cycle, in line with previous findings that attribute this stability to structural advantages such as a 

stable spinel lattice and minimal SEI formation and avoidance of dendrite formation, ensuring high 

safety [30,65,66]. However, the small sample size (n = 6, m = 26) limits the generalizability of this 

result. The low DegRate tendency for LTO anodes is qualitatively consistent with Dechent et al. [9] 

who found that LTO-based cells have an exceptionally long lifetime. However, a direct quantitative 

comparison is not feasible because their metric for lifetime is based on energy throughput and full 

equivalent cycle. 

Moreover, DegRate varies considerably by cell format. Coin cells, primarily used in materials 

research, exhibit a high mean of 0.32 [0.20; 0.44] %/cycle, similar to cylindrical cells mainly used by 

Tesla [67–69]. In contrast, rectangular formats, such as pouch and prismatic cells, show notably lower 

DegRate, with a shared mean of 0.12 [0.08; 0.16] %/cycle. These formats are widely adopted in 

practical applications, particularly in the automotive and consumer sectors. Han et al. [4] attribute the 
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lower DegRate of rectangular cells to their favorable thermal properties. Cylindrical cells have a 

smaller specific surface area and therefore dissipate heat less efficiently, resulting in higher internal 

temperatures. In contrast, prismatic and pouch cells benefit from their large external surface areas, 

which enable efficient heat dissipation and more uniform temperature distribution. Similarly, Saber et 

al. [70] emphasize that prismatic cells are well-suited for efficient thermal management due to their 

large specific surface area, which promotes uniform thermal conditions. Beyond thermal 

considerations, Han et al. [4] highlight mechanical factors as well. Pouch and prismatic cells generally 

experience lower, more evenly distributed mechanical stresses than cylindrical cells, a difference most 

pronounced in prismatic designs. Cylindrical cells, by contrast, contain a tightly wound electrode 

assembly that increases stress heterogeneity and reduces the electrolyte inventory. Consequently, 

electrolyte depletion caused by lithium plating can lead to more pronounced capacity fading. 

Additionally, the dynamic bending of electrodes inherent to the cylindrical winding process produces 

inhomogeneous mechanical forces that accelerate aging [71]. Beyond these format-specific factors, 

differences in observed degradation may also be influenced by experimental conditions. Our dataset 

shows that cylindrical cells are by far the most frequently studied cell format. This prevalence likely 

reflects their high degree of standardization, which makes them comparable across studies [72]. 

However, because academic research often relies on accelerated aging protocols under harsh operating 

conditions, these practices may reinforce the perception that cylindrical cells degrade more quickly 

than prismatic or pouch cells. Finally, coin cells are primarily used in materials research, where they 

typically serve as test carriers for immature or unoptimized chemical compositions [73,74]. This 

exploratory use may partly explain the comparatively higher DegRates often reported for this format. 

The analysis shows significant variation in the central tendency of DegRate as a function of operating 

temperature. At temperatures below 0 °C (Cold), the mean DegRate reaches 1.30 [0.87; 1.72] %/cycle, 

highlighting the well-documented challenges of cold-temperature operation. These include increased 

electrolyte viscosity, reduced lithium-ion mobility, and a heightened risk of lithium plating [75–79]. In 

contrast, at moderate to elevated temperatures, the DegRates are comparatively low. This result is 

particularly notable, as high temperatures are often linked to accelerated degradation in literature 

[7,80,81]. One possible explanation for the lower DegRates under hot conditions could be the use of 

adapted testing strategies, such as optimized cell chemistries or effective thermal management 

systems. 

The analysis of different voltage conditions reveals pronounced differences in the mean DegRate. 

Most notably, under overcharged conditions, the DegRate rises sharply to a mean of 1.07 [0.71; 1.43] 

%/cycle. This aligns with well-established electrochemical mechanisms: overcharging induces 

electrolyte decomposition, side reactions at the cathode, and lithium plating [4,82]. In contrast, 

overdischarging results in a modest increase, with a mean of 0.42 [0.03; 0.81] %/cycle compared to 

0.17 [0.14; 0.21] %/cycle under standard operation. This finding is somewhat unexpected, as deep 

discharge is associated with harmful side reactions, such as copper dissolution from the current 
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collector and SEI breakdown [83,84]. A possible explanation may lie in the conservative interpretation 

of voltage limits or that the overdischarge tests were less aggressive than overcharge protocols. 

However, our results are corroborated by the findings of Ouyang et al. (2019) [85]. They also 

identified overcharging as having a greater influence on the DegRate than overdischarging. It should 

also be noted that the overcharged group is based on only five studies, therefore, the results must be 

interpreted with caution. Nonetheless, they provide a strong indication of the substantial damage 

potential associated with excessive charging voltages. 

In battery aging literature, higher C-rates (charge and discharge rates) are commonly treated as 

stressors and are often associated with accelerated degradation [3,5,86]. However, Ouyang et al. [87] 

demonstrate that the apparent C-rate effect depends on the operating regime (e.g., temperature) and on 

whether degradation is evaluated per cycle or per unit time, because lower C-rates imply longer cycle 

durations and may therefore accumulate more time-dependent aging per cycle. Consistent with this, 

the descriptive subgroup means in Figure 3 do not show a monotonic increase in DegRate with 

increasing C-rate. Instead, higher charge rates tend to be associated with lower mean DegRate, while 

discharge rates show no consistently monotonic pattern, with the lowest discharge-rate category 

exhibiting the highest mean DegRate. One plausible explanation is the confounding effect of other 

experimental choices, notably temperature and voltage window, together with regime-dependent 

mechanism shifts (e.g., SEI growth vs. lithium deposition). In particular, the crossover between these 

regimes has been reported to shift with C-rate [88]. Gao et al. [79] report a temperature-charge rate 

map of expected cycle life and discuss operating conditions in which lower charge rates can exhibit 

shorter cycle life than higher charge rates due to longer single-cycle times and SEI-related lithium 

loss, while high charge rates remain detrimental at low temperatures due to lithium plating. 

3.2 Multivariate Modeling of Degradation Drivers 

While subgroup analysis examines moderators individually, our multivariate analysis aims to identify 

the drivers of DegRate simultaneously, helping to address the potential bias introduced when factors 

are evaluated in isolation. Table 2 presents the results from BMA and unweighted MRA based on the 

dataset consisting of 88 studies, providing the core quantitative findings in the main text (dominant 

moderators and their effect magnitudes), evaluating the impact of publication characteristics, battery 

differences, measurement characteristics, and experimental characteristics on DegRate in LIBs. The 

BMA results are summarized through PIP, posterior means and their standard deviations, while the 

MRA columns report conventional regression coefficients, once for the full set of moderators, once 

restricted to the standard of PIP ≥ 0.50, and a stricter model with a threshold at PIP ≥ 0.65 [89]. The 

purpose of the restriction is to eliminate variables with less explanatory power from the model, thus 

enhancing the accuracy and stability of the estimates [90]. Meta-regression coefficients quantify 

conditional mean differences in DegRate relative to the base category, or per-unit changes for 

continuous moderators. For instance, a constant-voltage (CV) charging protocol is associated with a 

0.258 percentage point lower DegRate compared to other charging methods, holding all other 
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moderators constant.2 Additionally, the BMA results are illustrated in Figure S4, while Table S7 

reports meta-regressions with alternative weighting schemes as robustness checks. Across 

specifications, the main drivers of DegRate, supported by consistently high PIPs and unweighted 

meta-regression estimates, are temperature, a decelerated degradation trajectory, the presence of a 

defect, the upper cut-off voltage, and the availability of manufacturer information. 

Table 2: BMA and MRA main results 

 Bayesian model averaging Unweighted meta-regression 

Moderator variable Post Mean Post SD PIP ALL-UW 0.50-UW 0.65-UW 

INTERCEPT -1.553 - 1.000 
-0.829 

(-0.796) 

-1.906** 

(-2.596) 

-2.397*** 

(-2.821) 

Battery differences  
 

    

CATHODE: LFP1 -0.148 0.150 0.555 
-0.294 

(-0.894) 

-0.261 

(-1.208) 
- 

CATHODE: LCO1 <0.001 0.014 0.023 
-0.026 

(-0.112) 

-0.101 

(-0.637) 
- 

CATHODE: NCA1 -0.002 0.022 0.026 
-0.137 

(-0.646) 

-0.103 

(-0.686) 
- 

CATHODE: OTHER1 <0.001 0.011 0.021 
-0.065 

(-0.380) 

-0.029 

(-0.198) 
- 

ANODE: SI-BASED2 0.182 0.146 0.675 
0.266 

(1.467) 

0.293 

(1.607) 

0.313* 

(1.768) 

ANODE: OTHER2 0.007 0.038 0.054 
0.142 

(0.817) 

0.111 

(0.918) 

0.136 

(1.239) 

FORMAT: COIN CELL3 -0.001 0.018 0.029 
-0.060 

(-0.311) - - 

FORMAT: POUCH CELL3 0.006 0.028 0.063 
0.057 

(0.397) - - 

FORMAT: PRISMATIC CELL3 -0.050 0.118 0.185 
-0.436 

(-1.672) - - 

Measurement characteristics       

MEASUREMENT: RPT 0.003 0.019 0.036 
0.123 

(0.838) - - 

MEASUREMENT: KNOWN DEFECT 0.331 0.058 1.000 
0.257*** 

(2.966) 

0.331*** 

(3.144) 

0.324*** 

(3.317) 

MEASUREMENT: CV CHARGE PROTOCOL -0.090 0.103 0.492 
-0.258*** 

(-2.722) - - 

MEASUREMENT: CONSTANT DISCHARGE PROTOCOL 0.001 0.025 0.020 
0.137 

(0.618) - - 

Experimental characteristics  
 

   
 

EXPERIMENT: TEMPERATURE -0.015 0.002 1.000 
-0.014*** 

(-3.403) 

-0.015*** 

(-3.063) 

-0.014*** 

(3.359) 

EXPERIMENT: CUT-OFF CHARGE VOLTAGE 1.586 0.338 1.000 
1.490* 

(1.930) 

1.881*** 

(3.049) 

2.151*** 

(3.286) 

EXPERIMENT: CUT-OFF DISCHARGE VOLTAGE -0.075 0.109 0.370 
-0.255 

(-0.722) 

-0.244 

(-0.737) 

-0.209 

(-0.654) 

EXPERIMENT: CHARGE RATE -0.001 0.009 0.037 
-0.017 

(-0.157) - - 

EXPERIMENT: DISCHARGE RATE -0.001 0.007 0.028 
-0.042 

(-0.488) - - 

EXPERIMENT: REST TIME <0.001 0.010 0.022 
0.013 

(0.096) - - 

Control variables       

CONTROL: DECELERATED4 0.305 0.059 1.000 
0.355* 

(1.798) 

0.332* 

(1.987) 

0.317* 

(1.959) 

CONTROL: ACCELERATED4 0.066 0.098 0.356 
0.185 

(1.266) 

0.103 

(0.831) 

0.122 

(0.965) 

CONTROL: BATTERY MANUFACTURER -0.269 0.060 0.999 
-0.347** 

(-2.605) 

-0.250** 

(-2.037) 

-0.256** 

(-2.241) 

Publication characteristics  
 

   
 

PUBLICATION: YEAR -0.001 0.016 0.026 
-0.147 

(-0.960) 
- - 

PUBLICATION: GOOGLECITS -0.001 0.065 0.020 
-0.769 

(-1.204) 
- - 

PUBLICATION: AUTHOR INDUSTRY -0.052 0.081 0.338 
-0.100 

(-0.944) 
- - 

PUBLICATION: CONFERENCE PAPER -0.001 0.017 0.023 
-0.002 

(-0.011) 
- - 

Studies (observations) 88 (627) 88 (627) 88 (627) 88 (627) 

R2 (adjusted) - - - 0.337 0.319 0.315 

Notes: The table reports the main quantitative results from Bayesian model averaging (BMA) and the baseline unweighted 

                                                      
2 For moderators modeled in logarithmic form, coefficients reflect proportional rather than one-unit changes. For 

example, increasing cut-off charge voltage from 𝑉1 to 𝑉2 implies an expected change of 𝛽 ∙ 𝑙𝑛(𝑉2 𝑉1⁄ ) percentage 

points in DegRate, holding all other moderators constant. 
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meta-regressions. The dependent variable across all models is the degradation rate (DegRate). BMA condenses its findings 

into posterior inclusion probabilities (PIPs). A higher PIP indicates that a given moderator is selected in a larger share of 

the regression specification in the BMA. The posterior mean (Post mean) shows the direction and average magnitude of each 

moderator’s effect, while the posterior standard deviation (Post SD) quantifies the associated uncertainty. The right-hand 

panel presents three columns of unweighted meta-regression estimates (UW): the first reports coefficients for the complete set 

of moderators (ALL-UW), whereas the second combines all variables with a PIP ≥ 0.50 (0.50-UW). The third one retains 

only those moderators whose PIP ≥ 0.65 (0.65-UW). For example, in the meta-regression column that includes all 

moderators, the coefficient of −0.258 indicates that studies examining batteries charged with a constant voltage (CV) 

protocol report DegRates that are on average 0.258 percentage points lower than other charging methods. The t-statistics are 

reported in parentheses. The significance level for 0.1, 0.05, 0.01 corresponds to "*", "**" and "***" respectively. The base 

categories for the dummy variables were chosen as the most frequently observed specifications: 1NMC, 2graphite, 
3cylindrical cell, and 4linear degradation trajectory. Meta-regressions using alternative weighting schemes are reported as 

robustness checks in Table S7. 

The BMA results, presented alongside the classical MRA estimates, reveal several key patterns. The 

temperature variable exhibits the highest possible PIP (1.000) and a strong, statistically significant 

negative effect in the meta-regression, consistent with findings from previous studies [75–79]. A 

robustness analysis that replaces the continuous temperature variable with temperature bins using the 

Figure 3 cut points is reported in the Supplementary Material (S.9). Similarly, high charge cut-off 

voltage has a PIP of 1.000 and a consistently large, significant MRA coefficient (1.490 percentage 

points). In both the PIP ≥ 0.50 model and PIP ≥ 0.65 specification, the effect becomes even more 

statistically robust with coefficients of 1.881 percentage points and 2.151 percentage points, 

respectively, confirming its critical role in accelerating battery degradation and in line with existing 

literature [91–93]. As expected, an observed or measured defect leads to a significant increase in 

DegRate. Finally, the negative coefficient of the battery manufacturer suggests that cells from 

established manufacturers are more technologically mature and therefore less prone to extreme 

degradation. We focus on battery manufacturers as a reproducible proxy for commercial cell 

provenance. This is because commercial status is often not explicitly stated and would require 

additional inference, and finer distinctions (e.g. lab-scale vs. pilot-line prototypes) are rarely reported 

consistently in primary literature. This negative coefficient may also reflect a possible publication 

selection bias, where studies using branded cells are more likely to be published when performance is 

favorable. Publication bias refers to the tendency of researchers, journal editors, or peer reviewers to 

preferentially submit or accept studies reporting statistically significant, novel, or large effect sizes, 

leading to the suppression of insignificant or contrary findings [18,94,95]. 

The cathode materials show limited incremental contribution after accounting for the other 

moderators, as indicated by generally low PIPs and the absence of significant coefficients across 

model specifications. However, due to pronounced class imbalance across cathode chemistries, low 

PIP should not be interpreted as evidence of no effect. To assess whether the strong dominance of the 

NMC baseline category influences this conclusion, we conduct an additional subsampling sensitivity 

analysis reported in the Supplementary Materials (S.10). Furthermore, since feasible operating 

voltages are closely tied to cathode chemistry, cut-off charge voltage may absorb some chemistry-

related variation in the multivariate setting. Consistent with this interpretation, the cathode-by-voltage 

interaction specification yields significant interaction terms (Table S6). The persistence of this pattern 

in the subsampling analysis (Table S5) suggests that, once operational stressors are controlled for, the 
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variance uniquely attributable to cathode chemistry is smaller than the variance driven by usage 

conditions. A similar pattern is observed for different cell formats, where neither pouch, prismatic, 

cylindrical, nor coin cells demonstrate consistent explanatory power. For anode materials, silicon-

based technologies exhibit a PIP slightly above 0.65, suggesting moderate relevance. While the 

coefficient becomes statistically significant at the 10 % level in the PIP ≥ 0.65 model, it remains non-

significant in the full and PIP ≥ 0.50 specifications. This implies that evidence for higher DegRate in 

silicon-based anodes, relative to the graphite baseline, is weak and model dependent. The result should 

be interpreted with caution, particularly because it is supported by only one of the models and does not 

reach a strong level of statistical significance. Nonetheless, it aligns with known degradation 

mechanisms in silicon, such as volume expansion and structural instability during cycling [3,63,64]. 

Some variables show statistically significant effects in the MRA despite having low PIP in the BMA, 

suggesting that their importance may be limited to certain model specifications rather than being 

broadly robust. For instance, the constant voltage (CV) charging protocol (PIP = 0.492) is associated 

with lower DegRate, indicated by a significant coefficient of −0.258 percentage points, potentially due 

to reduced stress during the final phase of charging. 

Finally, the degradation curve emerges as a highly robust explanatory factor, with a PIP of 1.000, 

indicating its consistent relevance across all model specifications. Specifically, when the degradation 

follows a decelerated pattern, the reported DegRate is significantly higher. This relationship is 

confirmed by the MRA, where the coefficient remains positive and statistically significant across all 

three model variants. The consistent significance of this variable suggests that the shape of the 

degradation trajectory should be accounted for when considering the design and development of 

battery systems. Charge and discharge rates demonstrate neither statistical significance nor high PIPs. 

This ambiguity is consistent with the descriptive subgroup patterns in Figure 3. In a multivariate meta-

regression, identifying the average main effect of C-rate can be difficult when charge or discharge rate 

is correlated with other experimental choices and when DegRate is governed by regime-dependent 

combinations of conditions. Accordingly, the apparent rate effects likely reflect an imbalanced 

coverage of the experimental design space rather than a universal main effect of charge and discharge 

rate by themselves. We examined whether publication-specific factors affect reported DegRate by 

including moderators for publication year, Google Scholar citations, an industry-affiliation dummy 

variable, and a dummy distinguishing conference proceedings from journal articles. These moderators 

enable us to examine how publication context and temporal developments may relate to reported 

outcomes. None of these variables surpassed the PIP threshold in the reduced meta-regressions, and 

none reached statistical significance in the full-sample model, suggesting that they do not 

systematically explain variation in reported DegRate. 
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To reinforce the reliability of our findings, both weighting schemes (as explained in Section 2.3) were 

applied across the same three model specifications used in the unweighted regressions (Table S7).3 

Overall, the core results remained largely stable, confirming the robustness of key findings; however, 

some effects proved sensitive to the weighting method. The charge cut-off voltage exhibited a 

consistently strong positive effect across all WLS2 specifications (ALL-WLS2, 0.50-WLS2, 0.65-

WLS2), while in WLS1 it was not significant in ALL-WLS1 and 0.50-WLS1, and attained only 

marginal significance in 0.65-WLS1. The decelerated degradation trajectory retained its significance 

under every WLS1 setting but not in any of the WLS2 models, while the manufacturer variable 

remained significant in all WLS2 variants, yet in WLS1 it was only marginally significant in All-

WLS1 and not significant in 0.50-WLS1 and 0.65-WLS1. Despite its low PIP, the CV charge protocol 

demonstrated a consistent negative and significant effect in every WLS1 specification but lost 

significance across all WLS2 models, suggesting a model- or context-specific influence. Finally, the 

fluctuating signs of the charge and discharge rate coefficients further support their lack of robust 

explanatory power. Overall, the pattern and interpretation of the main results remain unchanged across 

the unweighted and weighted specifications, with temperature remaining a robust driver while some 

secondary effects are more sensitive to the weighting choice. In other words, even when using 

alternative weighting schemes, the robust analysis underscores the stability of the main drivers 

identified, while also highlighting the sensitivity of some effects to model specifications. This 

reinforces the importance of methodological transparency in experimental battery research. 

Additional sensitivity analyses were performed to evaluate the impact of using linear extrapolation to 

estimate DegRate from partial cycling data for cells that did not reach 80% of their initial capacity.  

Approximately 55% (344 out of 627) of DegRates in the regression dataset are estimated using partial 

cycling data because the 80% end-of-life threshold was not reached. In these cases, DegRate is 

calculated by dividing the observed capacity fade by the number of cycles up to the last reported cycle, 

similar to Dechent et al. [9]. This assumes a linear extrapolation of the DegRate beyond the observed 

window. To show that this approach does not affect our primary results, we calculate DegRate at the 

90% threshold for all accelerated and decelerated degradation trajectories crossing the 80% threshold. 

For each case, we calculate the ratio of the 90% DegRate to the 80% DegRate for each curve shape. 

For accelerated and decelerated degradation trajectories, we take the median of this ratio (Figure S6) 

and use it to adjust DegRates for observations that do not reach 80%, while leaving DegRates for 

observations that reach 80% unchanged. This yields two new effect sizes: DegRate for the decelerated 

curve and DegRate for the accelerated curve. We then use these new effect sizes to recalculate the 

BMA and confirm the robustness of the results. The corresponding sensitivity BMA results are 

reported in Table S9. Since the adjustment applies the trajectory-specific median ratio to all 

observations that do not reach the 80% EoL threshold, these sensitivity specifications are conservative 

                                                      
3 The first (WLS1) regression weights each study by the inverse of its sample size, while the second (WLS2) 

applies a custom study-quality weight that discounts papers with missing reported information. 
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worst-case scenarios that illustrate the potential impact of linear extrapolation on DegRate-based 

benchmarking. A comparison of Table S9 with the main BMA results shows that the key findings 

remain substantively unchanged, indicating that our conclusions are robust with respect to the linear 

extrapolation procedure. All subsequent analyses are based on the reduced dataset used for the 

regression and BMA, which includes 88 studies and 627 observations. 

3.3 Temporal Trends in Battery Degradation Research 

The simultaneous analysis of moderators influencing reported DegRate reveals that a range of 

experimental and methodological characteristics consistently shape degradation outcomes. However, it 

remains unclear whether technological advances or shifts in research focus have altered degradation 

behavior and how key influencing factors have evolved over time. 

 

Figure 4: Scatterplot of degradation rate (DegRate) by publication year. The earliest publication in our dataset is from 2006, 

which represents year 0 in the figure. The standard error of the slope is 0.009, the t-value is 2.331, and the p-value is 0.020. 

This figure is based on the same dataset of 88 studies and 627 observations as used in the prior meta-regression analyses. 

To assess whether DegRate has changed systematically over time, it was analyzed as a function of 

each study's publication year. The same dataset used in the regression analysis was employed (n = 88, 

m = 627), with 2006 serving as the reference point (Year 0). Contrary to expectations, technological 

progress over time has not led to a general reduction in DegRate. As shown in Figure 4, the regression 

estimate indicates an average increase in DegRate of approximately 0.02 %/cycle per year. A notable 

rise in variance appears after 2017, suggesting that interest in the topic intensified around this time and 

that fundamental research began to explore more extreme conditions, contributing to the broader 

spread of observed DegRate. This increased variability may also reflect greater material innovation, 

potentially leading to a higher DegRate. At the same time, this trend raises the question of whether 

publication selection bias is at play – i.e., whether studies reporting more striking values are more 
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likely to be published. However, few primary studies report standard errors for their effect sizes, which 

are essential for publication bias tests and standard funnel plot analyses [96–98]. As the first meta-

analysis to systematically evaluate battery DegRate across different types of batteries and operating 

conditions, our study highlights this reporting gap and emphasizes the importance of including such 

statistical information in future studies. This would enable more robust meta-analytical techniques, 

including the assessment of potential publication bias. To better understand the observed increase in 

DegRate over time, we examined how the temperature conditions tested varied by publication year 

(Figure 5). 

 

Figure 5: Heatmap of mean DegRate with 95 % confidence intervals, grouped by temperature category and publication year 

range. Temperature categories are defined as follows: cold <0 °C, low [0–20 °C), warm [20–40 °C), and hot ≥40 °C. The 

number of observations (m) and number of studies (n) for each combination are shown. Colors range from green (low 

DegRate) to red (high DegRate), indicating the magnitude of the mean DegRate in each category. This figure is based on the 

same dataset of 88 studies and 627 observations used in the regression analyses. 

The combination of test temperature and publication year reveals a clear shift in research focus over 

time. Studies published before 2010 were almost exclusively limited to moderate temperature ranges 

(20–40 °C). It was only after 2010 that high-temperature conditions (≥40 °C) began to be investigated 

regularly, though without a corresponding rise in DegRate, suggesting that batteries maintain robust 

performance under elevated temperature conditions. Subzero temperatures (<0 °C) were not 

systematically included before 2015. More recent studies reporting elevated DegRates under these 

conditions, likely due to effects such as lithium plating and limited electrode kinetics. Interestingly, the 

most recent period (≥2020) still shows elevated degradation at subzero temperatures, though slightly 

improved compared to earlier observations, indicating that newer materials and designs have begun to 

mitigate some of the severe degradation previously observed. Additionally, the number of studies (and 
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observations) has increased considerably over time, especially after 2015, reflecting growing research 

interest and broader experimental coverage. This trend suggests that testing protocols have become 

progressively more realistic and stress-oriented over time, improving our understanding of battery 

performance under both moderate and extreme conditions. At the same time, the persistent challenges 

observed at subzero temperatures highlight the need for continued innovation in materials and designs 

to ensure reliable operation in harsh environments. 

This shift towards more extreme testing conditions over time is not limited to temperature, as 

summarized in Figure S7. Similar patterns emerge for other experimental parameters, such as cut-off 

charge voltage, cut-off discharge voltage, and C-rates. However, across all three variables, extreme 

values predominantly appear in recent years. In line with our heterogeneity analysis, the shift towards 

higher C-rates does not correspond to a systematic increase in DegRate. Beyond experimental 

parameters, the temporal heatmaps for anode chemistry, cathode chemistry and cell format 

demonstrate that recent studies generally report higher DegRate values. To highlight the most notable 

technologies discussed in the literature, we focus on key subcategories, such as silicon-based anodes 

and LMO cathodes, independently of the broader groupings used in the meta-regression. 

Graphite is the most frequently studied anode material across all years, highlighting its role as the 

industry baseline. The higher DegRate observed in more recent studies is likely driven by increasingly 

aggressive testing conditions rather than intrinsic material deterioration. In contrast, Si-based anodes 

only appear in recent years and already exhibit an elevated DegRate, which is consistent with their 

well-documented volume expansion and mechanical instability during cycling [3,60,63,64]. Among 

cathodes, LFP only enters the dataset from 2015 onwards. Apart from LCO, most cathode types 

exhibit broadly comparable DegRates in recent years. The consistently higher DegRate observed for 

LCO aligns with its recognized limitations in terms of cycle life [59,60]. In terms of cell format, coin 

cells only appear after 2015, according to the literature primarily in materials research, where their 

small size and limited thermal buffering likely contribute to higher DegRate [73,74]. Cylindrical cells 

demonstrate a clear temporal shift from low (green) to high (red) DegRate, indicating increasingly 

challenging operating conditions. Prismatic cells consistently demonstrate lower DegRate, presumably 

due to superior thermal management and mechanical stability, although they are studied less 

frequently. Pouch cells exhibited comparatively high DegRates between 2015 and 2020, after which it 

dropped substantially, likely reflecting improvements in sealing, materials or thermal control. 

While the heatmaps provide a descriptive overview of temporal shifts in degradation behavior, formal 

testing is required to determine whether these patterns represent systematic trends. To this end, we 

extend the meta-regression framework by introducing an interaction term between publication year 

and temperature. Publication year is already included as a moderator in the full models, but it is 

explicitly added to the PIP-restricted specifications to ensure that the interaction term can be properly 

interpreted. All other model settings remain unchanged. The regression analysis revealed a significant 

negative interaction between publication year and temperature, see Table 3. The positive main effect of 
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temperature suggests that higher temperatures are associated with higher DegRate in the base year. 

However, this effect weakens over time. For each additional year, the temperature effect decreases by 

0.027 percentage points. This pattern shows that, although earlier technologies were more susceptible 

to degradation in warm conditions, this disadvantage has decreased over time. The reversal in the sign 

of the interaction suggests that recent technologies may appear to deteriorate more rapidly in cold 

environments than in warm ones, reflecting improved heat resistance. Conversely, the positive main 

effect of publication year (0.597 percentage points) shows that degradation increases over time, but 

this effect diminishes by 0.027 percentage points for every additional degree Celsius. However, the 

apparent trend of higher degradation under cold conditions in recent studies is likely due to earlier 

studies not testing such temperatures. Accordingly, the positive year-on-year effect on DegRate should 

not be interpreted as technological deterioration, but rather as a consequence of the increased 

prominence of cold-temperature conditions in more recent studies, in which higher degradation is 

observed. 

Table 3: MRA with interaction term 

Moderator variable ALL-UW 0.50-UW 0.65-UW ALL-WLS1 0.50-WLS1 0.65-WLS1 ALL-WLS2 0.50-WLS2 0.65-WLS2 

INTERCEPT 
-2.716* 

(-1.884) 

-3.171** 

(2.598) 

-3.870** 

(-2.584) 

-2.319 

(-1.602) 

-1.436 

(-1.085) 

-2.190* 

(-1.957) 

-3.740** 

(-2.414) 

-4.073*** 

(-2.802) 

-4.882** 

(-2.363) 

PUBLICATION: YEAR 
0.597** 

(2.239) 

0.517* 

(1.769) 

0.517* 

(1.800) 

0.584** 

(2.075) 

0.269 

(1.233) 

0.365* 

(1.718) 

0.901** 

(2.389) 

0.825** 

(2.123) 

0.820* 

(1.889) 

EXPERIMENT: TEMPERATURE 0.059** 

(2.122) 

0.035 

(1.261) 

0.032 

(1.215) 

0.040* 

(1.687) 

0.010 

(0.590) 

0.018 

(1.240) 

0.087** 

(2.069) 

0.060 

(1.516) 

0.054 

(1.406) 

INTERACTION: TEMP x YEAR 
-0.027*** 

(-2.647) 

-0.018* 

(-1.710) 

-0.017* 

(-1.701) 

-0.019** 

(-2.142) 

-0.008 

(-1.267) 

-0.011* 

(-1.845) 

-0.037** 

(-2.484) 

-0.028* 

(-1.884) 

-0.026* 

(-1.785) 

All other Moderators included as controls (Table 2) 

Studies (observations) 88 (627) 88 (627) 88 (627) 88 (627) 88 (627) 88 (627) 88 (627) 88 (627) 88 (627) 

R2 (adjusted) 0.351 0.328 0.323 0.310 0.241 0.221 0.353 0.348 0.342  

Notes: The results are reported for unweighted (UW) meta-regression, weighted meta-regression using the inverse number of 

observations per study as weights (WLS1), and weighted meta-regression using the study-quality index as weights (WLS2). 

For each approach, three specifications are shown: the full model including all moderators (ALL), a restricted model 

including only moderators with posterior inclusion probability (PIP) ≥ 0.50, and a more stringent restricted model including 

only moderators with PIP ≥ 0.65. All models include an interaction term between publication year and temperature. In the 

PIP-restricted models, publication year is additionally included as a moderator to allow interpretation of the interaction. The 

t-statistics are reported in parentheses. The significance level for 0.1, 0.05, 0.01 corresponds to "*", "**" and "***" 

respectively. The base categories for the dummy variables were chosen as the most frequently observed specifications: 1NMC, 
2graphite, 3cylindrical cell, and 4linear degradation trajectory. Only the results of the interaction between year and 

temperature are reported because the results of the meta-regression for the other moderators are consistent with those of the 

meta-regression without interaction across all model specifications. 

The other model specifications confirm that the effect of temperature on DegRate is time-dependent, 

with higher degradation observed in recent studies driven by cold conditions. Although the interaction 

model implies a time-dependent temperature effect, publication year is not a significant moderator in 

the MRA without the interaction term. Therefore, the apparent time trend is not driven by the year 

itself, but rather by the more frequent use of cold-temperature testing in recent studies. When 

additional moderators are included, the year effect disappears, suggesting that cold conditions account 

for only some of the underlying variation. The MRA results for all other moderators were consistent 

with those obtained in the models without the interaction term, highlighting the reliability of the 

findings. 

3.4 Pairwise Relationships Among Degradation Factors 

While the meta-regression framework allows us to identify the primary drivers of degradation by 
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jointly estimating their effects, it does not reveal which combinations of conditions were tested or their 

relationship to the observed outcomes. To address this issue, we supplement the regression analysis 

with a pairwise examination of moderator combinations. For this purpose, temperature and cut-off 

charge voltage, both of which are significant and robust moderators in the meta-regression, were 

chosen as fixed reference variables. DegRate was then analyzed in combination with other moderators. 

This approach highlights gaps in literature and illustrates which factor interactions are associated with 

particularly high DegRate. 

The results confirm our hypothesis that extreme combinations of moderators are rarely investigated. 

Figure 6 illustrates this for the cut-off charge voltage, which was identified as a significant moderator 

in the MRA heterogeneity analysis. While moderate cut-off voltages in the range of 3.0 to 4.0 V are 

associated with a relatively low DegRate across all temperatures, the combination of higher cut-off 

voltages (>4.0 V) and sub-zero temperatures results in degradation increasing by over 1 %/cycle. 

These stress conditions exacerbate known mechanisms such as lithium plating and accelerated SEI 

degradation, which are particularly severe when cold temperatures coincide with high charging 

voltages. White grid fields indicate combinations with no experimental data, marking unexplored 

regions, whereas cells supported by only few studies or observations represent weakly explored 

conditions. Together, these gaps highlight opportunities for future research. 

 

Figure 6: Heatmap of mean DegRate with 95 % confidence intervals, grouped by temperature category and cut-off charge 

voltage. Temperature categories are defined as follows: cold <0 °C, low [0–20 °C), warm [20–40 °C), and hot ≥40 °C. The 

number of observations (m) and number of studies (n) for each combination are shown. Colors range from green (low 

DegRate) to red (high DegRate), indicating the magnitude of the mean DegRate in each category. This figure is based on the 

same dataset of 88 studies and 627 observations used in the regression analyses. 
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The analysis of the combined effects of cathode and anode chemistry on temperature reveals 

additional differences (Figure 7). The distribution of studies and observations across cathode 

chemistries highlights a pronounced class imbalance, which limits inference for minority chemistries 

and provides context for the low PIPs observed in the multivariate analysis. LFP and LMO-based 

cathodes show consistently low mean DegRate across all available temperature ranges, supported by a 

relatively large number of observations, particularly in the warm (20–40 °C) and hot (≥40 °C) 

conditions. These findings reinforce the well-documented thermal and electrochemical stability of 

these cathode chemistries. However, no studies were identified for LMO-based cathodes under cold 

conditions (<0 °C), indicating a gap in experimental research for this material class in low-

temperature environments. By contrast, NMC cathodes exhibit a sharp increase in DegRate under cold 

conditions (<0 °C) exceeding 2 %/cycle based on 25 observations from 3 studies. This is consistent 

with their known tendency for structural transitions toward spinel and rock-salt phases during 

delithiation, which are accompanied by oxygen release and contribute to degradation. NCA cathodes 

display a similar vulnerability, with values around 1.3 %/cycle, though this is based on only two 

observations from one study. Overall, studies have shown that nickel-rich NMC and NCA cathodes are 

susceptible to structural instability under cold conditions [99–101]. However, Wittmann [102] 

observed only weak temperature dependence for NCA, whereas NMC cathodes exhibited pronounced 

degradation as the ambient temperature decreased. While visually striking, these results must be 

interpreted with caution due to the limited evidence base. Meanwhile, LCO cathodes show slightly 

elevated mean DegRate even under warmer conditions. Among anode materials, graphite is the most 

frequently studied across all temperature categories, with particularly high data density in the warm 

(20–40 °C) and hot (≥40 °C) conditions (n = 289 and n = 144, respectively), lending strong statistical 

weight to the observed low DegRate. Overall, DegRate remain comparatively low for graphite-based 

cells across all temperature ranges, reinforcing their stability. LTO, MCMB, and other carbon-based 

anodes are less frequently represented, limiting the interpretability of their patterns, especially under 

low and cold conditions where data are sparse or missing. Notably, silicon-containing anodes exhibit a 

high mean DegRate exceeding 2 %/cycle under cold conditions (<0 °C). This is consistent with the 

volumetric expansion that occurs during the lithiation of silicon-based anodes, which is associated 

with lithium and capacity loss. Although this is a striking result, it is based on just two observations 

from one study and should therefore be treated with caution due to limited statistical reliability. 

Nevertheless, this result highlights the well-documented mechanical and interfacial instability of these 

technologies, which are still under development. These chemistry-dependent temperature responses 

highlight the relevance of electrode materials for degradation behavior, motivating our subsequent 

model-implied benchmarks for graphite/Si-based anodes and LFP/NMC cathodes, which are the most 

widespread chemistries. 
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Figure 7: Heatmap of mean DegRate with 95 % confidence intervals, grouped by temperature category against a) cathode 

and b) anode. Temperature categories are defined as follows: cold <0 °C, low [0–20 °C), warm [20–40 °C), and hot ≥40 °C. 

The number of observations (m) and number of studies (n) for each combination are shown. Colors range from green (low 

DegRate) to red (high DegRate), indicating the magnitude of the mean DegRate in each category. This figure is based on the 

same dataset of 88 studies and 627 observations used in the regression analyses. 

For additional moderators, complementary analyses with temperature, including cut-off discharge 

voltage, cell format, and C-rate, are summarized in Figure S8. In contrast to the cut-off charge voltage 
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results, the cut-off discharge-voltage analysis reveals an unexpected pattern, with lower cut-off 

voltages not appearing to be more harmful than higher ones, although such conditions are discussed in 

the literature in connection with SEI-related side reactions. These findings should nevertheless be 

interpreted with caution, given the limited number of studies and observations in several cells of the 

matrix. However, combinations involving extremely low cut-off voltages and cold temperatures have 

not been tested, leaving this critical scenario largely unexplored. The analysis of the combined effects 

of cell format and temperature reveals distinct differences in degradation susceptibility. Only 

cylindrical and pouch cells have undergone testing across the full temperature range. Both formats 

exhibit pronounced degradation under cold conditions, though pouch cells perform slightly better. For 

instance, in the low-temperature range, the mean DegRate is 0.20 [−0.04; 0.44] %/cycle for pouch 

cells, compared to 0.52 [0.28; 0.77] %/cycle for cylindrical cells. At elevated temperatures, rectangular 

formats (pouch and prismatic) demonstrate a consistently lower DegRate than coin and cylindrical 

cells. This may be due to more application-relevant test conditions, as well as superior thermal 

management that promotes uniform heat dissipation. In contrast, the spiral-wound architecture of 

cylindrical cells can generate uneven internal temperature distributions, resulting in thermal 

imbalances that induce mechanical stress and accelerated degradation. The pattern observed for coin 

cells reflects their primary use in materials research. Their compact design and limited thermal mass 

make them particularly susceptible to thermal stress. The analysis of the combined effects of 

temperature and C-rate indicates that high charge rates at low temperatures are particularly critical for 

degradation. While at moderate to high temperatures (≥20 °C), the DegRate remains relatively stable 

regardless of charging or discharging speed, the combination of subzero conditions with fast charging 

or discharging leads to a substantially elevated DegRate. This highlights that electrochemical 

processes under cold conditions are especially sensitive to current load. Under such conditions, lithium 

plating and structural disordering may occur. Notably, the literature contains very few studies 

examining extremely high charge or discharge rates at subzero temperatures, likely due to technical 

limitations or safety concerns during experimental design. These patterns also clarify why the effects 

of C-rates appeared ambiguous in the meta-regression. As the full spectrum of C-rates has only been 

systematically tested at elevated temperatures, where degradation tends to remain low, the apparent 

tendency of higher C-rates to reduce DegRate in the MRA results likely reflects this testing bias rather 

than a true, general effect. Finally, Figure S9 presents heatmaps corresponding to the cut-off charge 

voltage on the y-axis. These reveal the same pattern and support the temperature-based pairwise 

relationships presented above. 

3.5 Model-implied Benchmark Inference for Future Experimental 

Research 

This meta-analysis demonstrated that DegRate is shaped by a wide range of experimental and 

methodological moderators. To explore their combined implications, we created a hypothetical study 

design using the coefficients from the unweighted PIP ≥ 0.50 model (Table 2, 0.50-UW model). 
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Unlike the descriptive heatmap analysis, which is limited to pairwise comparisons, this model-implied 

inference framework incorporates all significant moderators simultaneously. It hereby allows us to 

estimate DegRates conditional on the existing evidence base for any combination of input parameters, 

providing reference values for scenarios that have already been tested (in-sample) and prospective 

benchmarks for those that have not (out-of-sample), against which future studies can be evaluated. It is 

important to emphasize that these estimates do not represent experimentally validated predictions. 

Instead, they constitute model-implied inferences derived from the available literature and are 

intended to serve as hypothesis-generating benchmarks for future experimental validation. These 

simulated benchmarks represent the current state of the art as implied by the meta-analytic evidence 

and define targets that future experimental work should strive to exceed. The analysis focuses on 

NMC and LFP cathodes, as well as graphite and Si-based anodes, which are the most frequently 

represented electrode materials in the meta-dataset, reflecting their central relevance in current 

lithium-ion battery research. To align with practical operating ranges, we limited the benchmark 

estimates to upper cut-off voltages of 3.0–4.4 V for LFP cells and 3.6–5.0 V for NMC cells, extending 

their typical voltage limits (≈ 3.65 V for LFP and 4.2 V for NMC). The cut-off discharge voltages were 

set to 2.5 V and 3.0 V for LFP and NMC, respectively [59,103]. To approximate a best practice 

benchmark, we set the dummy variables to conceptually neutral values. Specifically, we assumed that 

the batteries were free of defects to ensure that the estimated DegRates represent the normal operating 

state, enabling us to focus on assessing the experimental moderators. Similarly, we avoided 

confounding with market- or manufacturer-specific effects by keeping the manufacturer unknown. 

This emphasizes the technological drivers of degradation and reflects the non-commercial focus of 

much experimental research. Finally, the degradation path was fixed to the decelerated curve described 

in the literature as a favorable trajectory associated with long service lifetimes [39]. Figure 8 shows 

the temperature and cut-off charge voltage benchmark estimates, which were identified as significant 

experimental moderators in the meta-regression analysis. Temperature is divided into four categories 

(cold, low, warm and hot), which are consistent with those already used in the heatmap analysis. The 

x-axis represents the cut-off charge voltage, and the y-axis shows the estimated DegRate. The four 

electrode chemistries (LFP+Graphite, LFP+Si-based, NMC+Graphite and NMC+Si-based) are shown 

as separate trajectories. The model provides in-sample benchmark estimates for combinations of 

voltage, temperature, and electrode chemistry that appear in the meta-dataset, visualized as solid line 

segments and filled markers. Combinations not examined in any primary study result in out-of-sample 

extrapolation and are shown as dotted line segments and unfilled markers. For the estimation grid, the 

cut-off charge voltage was sampled in uniform 0.2 V increments. A sampled voltage point is 

considered in-sample when at least one primary study reported experimental data within the 

corresponding voltage region. Otherwise, it is treated as out-of-sample. In contrast to in-sample 

estimates, out-of-sample estimates rely on extrapolation beyond the locally observed operating 

combinations and therefore primarily serve to identify regions of the experimental design space where 

empirical evidence is currently sparse and targeted experimental validation would be particularly 
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informative for testing these extrapolated benchmarks. Thus, they should be interpreted as prospective, 

model-implied benchmarks for currently unexplored stress regimes, rather than validated performance 

expectations. Consistent with this interpretation, these estimates are associated with increased 

uncertainty, which is transparently reflected in typically wider confidence intervals. Full results, 

including 95 % confidence intervals, are provided in Table S10. 

 

Figure 8: The figure shows the model-implied benchmark estimates of DegRate based on the unweighted meta-regression 

model, with posterior inclusion probability restricted to >50 % (Table 2, 0.50-UW model). These results vary according to 

the cut-off charge voltage on the x-axis and the four temperature categories (cold: <0 °C; low: [0, 20); warm: [20, 40); hot: 

≥40 °C) across the four electrode chemistries (LFP+Graphite; LFP+Si-based; NMC+Graphite; NMC+Si-based). Solid line 

segments and filled markers indicate combinations of voltage, temperature, and chemistry that are present in the underlying 

dataset, whereas dotted line segments and unfilled markers represent out-of-sample extrapolations for combinations not 

observed in the original sample. For the estimation grid, the cut-off charge voltage was sampled in uniform 0.2 V increments. 

A sampled voltage point is considered in-sample when at least one primary study reported experimental data within the 

corresponding voltage region. Otherwise, it is treated as out-of-sample. The trajectories represent the fitted mean values, and 

Table S10 provides 95 % confidence intervals (CI). 

The performance ranking at high cut-off voltages remains consistent across all temperature categories: 

LFP+Graphite ≻ NMC+Graphite ≈ LFP+Si-based ≻ NMC+Si-based. Therefore, graphite-containing 

batteries represent the established baseline, whereas silicon-based systems, particularly in combination 

with LFP, are promising but more vulnerable alternatives. Importantly, the most extreme operating 

points shown in Figure 8 are the least well-covered by the available literature. Therefore, they are 

associated with increased uncertainty, as quantified by the reported confidence intervals (Table S10). 

Under extreme test conditions (below 0 °C and a cut-off voltage of 4.4 V), LFP+Si-based cells have an 

average DegRate of 1.25 %/cycle. This corresponds to 16 cycles before reaching the 80 % capacity 

threshold. NMC+Si-based cells perform even worse at extreme voltage condition of 5.0 V, with an 

average DegRate of 1.71 %/cycle and an implied lifetime of around 11 cycles. By contrast, graphite-
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based chemistries demonstrate lower DegRate under the same conditions, with NMC+Graphite 

degrading at an average rate of 1.41 %/cycle (approximately 14 cycles), while LFP+Graphite degrades 

at a rate of 0.96 %/cycle (approximately 20 cycles). These quantitative benchmarks should be 

interpreted alongside the confidence intervals presented in Table S10, which highlight the uncertainty 

arising from uneven coverage across the temperature-voltage range. The effect of voltage limiting is 

particularly evident when reduced to 3.6 V for LFP and 4.2 V for NMC because these are the 

maximum cut-off values commonly used in practice. For LFP+Graphite, the average DegRate 

decreases to 0.58 %/cycle, about 40 % reduction, extending cycle life to around 34 cycles. For 

LFP+Si-based cells, the corresponding benchmark estimate is 0.87 %/cycle (approximately 22 cycles). 

Compared with the same chemistry at 4.4 V (approximately 16 cycles), the DegRate is reduced by 

around 30 %. Reducing the cut-off voltage decreases the DegRate by 23 % for NMC+Graphite (from 

1.41 %/cycle to 1.09 %/cycle) and by 19 % for NMC+Si-based (from 1.71 %/cycle to 1.38 %/cycle). 

Overall, these results suggest that, although Si-based anodes have higher absolute DegRates at both 

voltage levels, graphite-based systems demonstrate a more pronounced acceleration of degradation 

when the upper voltage limit is increased. When comparing temperature categories, the DegRate 

decreases as the temperature increases. For LFP+Si-based technologies, the average DegRate at a 

temperature of 20–40 °C (warm) and a cut-off voltage of 4.4 V is 0.64 %/cycle, corresponding to 

lifetime of 31 cycles. This reflects a reduction of around 50 % compared to operations below 0 °C at 

the same voltage. The temperature effect is even more pronounced for LFP cells with graphite anodes. 

At identical high-voltage conditions, operating at warm temperature improves the DegRate by 

approximately 63 % compared to operating at cold temperatures. For NMC+Graphite cells, operating 

at 5.0 V under warm conditions reduces the DegRate by approximately 42 % compared to operating at 

cold conditions. For NMC+Si-based cells, the reduction is smaller at around 35 %. Si-based anodes 

exhibit smaller improvements because the degradation factors discussed in Section 3.1 are likely 

active regardless of temperature. At higher temperatures, the model yields slightly negative benchmark 

estimates in the lower voltage range. These values reflect estimation uncertainty rather than true 

performance improvements and are related to the linear specification of the regression. Overall, the 

temperature effect is consistent with the results reported by Gao [79]. Although the authors modelled 

cycle life as a function of C-rate and temperature rather than cut-off voltage, the pattern is similar. 

They observed no more than 30 cycles at strongly negative temperatures and predicted that lifetimes 

would be extended at higher temperatures, corresponding to lower DegRate. To examine how the 

voltage effect depends on cathode chemistry, we present an expanded specification with interaction 

terms in Table S6. In line with the model-implied benchmark framework, our focus is on the 

unweighted PIP ≥ 0.50 restricted model (0.50-UW). The weighted specifications (0.50-WLS1 and 

0.50-WLS2) are included as robustness checks. The results suggest that NMC cells are more sensitive 

to increases in cut-off voltage than LFP cells, consistent with the literature [104,105]. 
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4 Conclusion 

Despite the numerous reviews and primary experimental studies on LIB degradation, a systematic, 

quantitative assessment of DegRate and its underlying causes has been lacking. We present the first 

meta-analysis of LIB degradation. Our dataset comprises 146 studies and 917 effect sizes. 46 

moderators were identified and categorized into four groups: battery differences, experimental 

characteristics, measurement characteristics, and publication characteristics. The dataset yielded a 

mean effect size of 0.23 %/cycle and a median of 0.04 %/cycle, revealing a distribution shifted toward 

higher DegRates. Building on subgroup and mean effect size analyses, we applied Bayesian model 

averaging and meta-regression techniques. 

The meta-analysis shows that DegRates are more strongly driven by upper cut-off voltage and 

temperature than by battery-specific factors. Additionally, the analysis reveals significant opportunities 

for future research within the experimental matrix. Here we found the potential operating LIBs at very 

high voltage levels of up to 5 V as future perspective and outlook for optimized electrolytes and 

electrodes and added this to our study.  At the same time, we can already provide a model-implied 

benchmark that accounts for the identified moderators. These benchmarks should be interpreted 

alongside their 95% confidence intervals (Table S10), which quantify uncertainty arising from uneven 

evidence coverage across the moderator space. In particular, the most extreme combinations of very 

low temperature and very high cut-off voltage are currently sparsely covered, such that the 

corresponding benchmarks are less directly supported by primary studies in this operating region (i.e. 

rely more strongly on extrapolation) and should be prioritized for targeted experimental validation in 

future work. 

Our results suggest that under extremely cold conditions (<0 °C) and very high cut-off voltages (LFP: 

3.8–4.4 V; NMC: 4.4–5.0 V), promising anode-cathode combinations, such as LFP+Si-based 

[106,107] and NMC+Si-based [108–110] systems, exhibit average model-implied benchmark 

DegRates of 0.98 %/cycle to 1.25 %/cycle (approximately 16–20 cycles until 20 % capacity fade) and 

1.47 %/cycle to 1.71 %/cycle (approximately 11–13 cycles until 20 % capacity fade), respectively. 

Given uneven evidence coverage in this extreme operating region, these values should be interpreted 

as prospective benchmarks and read alongside their confidence intervals. For comparison, established 

chemistries, such as LFP+Graphite and NMC+Graphite, which are more frequently represented in the 

meta-dataset, show model-implied benchmark DegRates of 0.68 %/cycle to 0.96 %/cycle (20–29 

cycles to 20 % capacity fade) and 1.17 %/cycle to 1.41 %/cycle (14–17 cycles to 20 % capacity fade), 

respectively, under the same extreme conditions. Across chemistries, benchmark precision is higher in 

well-covered, in-sample regions and lower where evidence is sparse or estimates rely on extrapolation, 

as reflected in the reported confidence intervals. 

Our analysis faces several limitations. First, we had to exclude certain moderators, such as depth of 

discharge, electrolyte composition, and high-power/high-energy labeling, because they were not 

consistently reported across primary studies. Second, the varying levels of detail with which primary 
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studies reported experimental information required us to aggregate some moderators into broader 

categories, which inevitably led to a loss of information. Consequently, it was not possible to account 

for specific degradation mechanisms. Although the overall dataset is substantial, the coverage of 

evidence is uneven for some moderators. Accordingly, the results and benchmark estimates are more 

precise in well-covered regions and are associated with wider uncertainty intervals where evidence is 

sparse. Third, DegRate is an interval-averaged endpoint metric, summarizing capacity fade up to a 

common end-of-life threshold rather than fade evolution across the cycling life. Accordingly, 

combining studies with different trajectory shapes into a single endpoint-based effect size may obscure 

features of degradation within the cycling life and should therefore be interpreted as a benchmark 

measure rather than a diagnostic of trajectory shape. In addition, for observations that do not reach the 

80% EoL threshold within the reported cycling window, DegRate must be estimated from partial 

cycling data, which implies a linear extrapolation and may lead to over- or underestimation of 

degradation. Fourth, since this is a foundational meta-analysis in the field, we could not apply 

established tests for publication bias or other analyses relying on reported standard errors, since most 

primary studies do not report them. However, our meta-analysis contributes to the accumulation of 

knowledge on LIB degradation and provides a framework for explaining the heterogeneity of 

degradation outcomes. 

The potential for future research is demonstrated, and a benchmark for upcoming studies is offered, 

particularly with respect to moderator combinations that have not yet been experimentally tested. 

Research in the future should aim to exceed these benchmarks. Insights from this meta-analysis 

highlight the importance of in-depth investigations to improve the cycling performance of LIBs. As 

the evidence base continues to grow, future studies may update and extend this synthesis using the 

same search strategy and analytical framework. 
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 Analysis of 146 lithium-ion battery cycle studies between 2006 and 2024. 

 Median and mean capacity degradation rates of 0.04 %/cycle and 0.23 %/cycle. 

 Key drivers: test conditions, defects, degradation curve, manufacturer origin. 

 Quantitative benchmark for degradation under untested operating conditions. 

 Extreme test conditions: 0.68–1.41 %/cycle fading in graphite-based cells. 
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