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Abstract:  
Electrochemical polarization curves encode quantitative data about response size, response dispersion, integrated 

response behavior and gradient characteristics, but these attributes are most often studied individually instead of in an 

integrated statistical framework. This study aimed to characterize polarization-response variability across experimental 

conditions and identify the dominant multivariate structure of curve-derived numerical features. A total of 955 

polarization curves across five NaCl concentration and scan-rate conditions were analyzed. Descriptive statistics, 

Kruskal-Wallis test with epsilon-squared effect sizes, log-transformation regression modeling, principal component 

analysis, and sensitivity analysis (with ≥95% curve completeness) were analyzed. All principal characteristics differed 

significantly across experimental conditions (p<0.001), with epsilon-squared values ranging from 0.257 to 0.489. Mean 

absolute slope showed the strongest between-condition separation and the highest regression fit (R2=0.509). PC1 

explained 90.583% of the total variance, while PC1 and PC2 jointly accounted for 97.274%. Sensitivity analysis produced 

comparable statistical and multivariate patterns. The results show that numerical feature extraction combined with 

inferential, regression, and multivariate methods is a concise and powerful approach to characterise the variability in 

electrochemical polarization-response. 
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1. Introduction 

The polarization curves of an electrode couple can be measured in an electrochemical cell and are quantitative results that 

show the relationship between the applied potential and the measured current density and can be used to study the changes 

in the electrochemical response taking place at the electrode interfaces over a controlled potential range. The shape, 

magnitude, transition regions and gradients of these contain information that can sometimes not be expressed adequately 

in one response value. Polarization-based measurements are therefore widely used for electrochemical characterization 

which allows a systematic study of reaction behaviour and material response under desired experimental conditions 

(Choudhary et al., 2017). The interpretation of these curves is based on relationships between potential, current, charge 

transfer process, mass transport, and electrode kinetics and therefore numerical treatment of the measured curve is crucial 

when the curves show significant variation (Eliaz & Gileadi, 2019). 

The magnitudes of an electrochemical response and its shape can change with experimental conditions. The composition 

of the electrolyte is especially important, since the ionic concentration may affect transport phenomena and the 

environments of the interfaces and reaction rates. Previous studies of concentrated electrolytes have shown that the 

variation in the response can be different for different electrolyte concentrations, highlighting the significance of studying 

the response variation at different electrolyte concentrations (Hu et al., 2021). The third measurement condition for which 

polarization results are important is called the scan rate, that is, the rate at which the potential is scanned. Polarization 

curves have been tested in the laboratory by Hung et al. (2017), and it has been demonstrated that measurable scan-rate 

dependence exists, thereby allowing for a deliberate inclusion of the scan rate in the analysis of the characteristics of the 

polarization curve. A statistical description over such conditions may thus be more comprehensive than one based on the 

individual curves. 

Finally, polarization curves are also an analytical problem, since they involve numerous sequential data points and can 

show different characteristics for successive measurements. An application of extraction of structured information from 

the full response profile of polarization measurements has been explored in the context of curve decomposition in 

electrochemical measurements (Strebl et al., 2023). Another difficulty is that there may be two types of variation: a 

systematic pattern and a potentially significant local variation, which is created by stochastic variation. When variability 

in the data is important to the problem, such data should be interpreted in a quantitative way that is suitable, as highlighted 

by Jamali et al. (2024). The reasons for this give support to the idea of representing each curve as a numerical quantity 

that can be extracted from and compared with other curves on a statistical basis. 

The growing popularity of the use of statistical techniques in connection with electrochemical analysis provides a means 

of dealing with this complexity. Robinson and Sigman (2020) showed how electrochemical measurements and statistical 

tools may be coupled to improve the quantitative interpretation and mechanistic investigation. It has been observed that 

the development of electrochemical impedance analysis has shifted towards the use of computational approaches that can 

obtain distributed information instead of relying on the classic parameters summarizing the response (Maradesa et al., 

2024). The analytical–computational approach has also been used to enhance quantitative analysis of electrochemical 

measurements by fitting models, optimizing parameters and performing statistical validation (Nuñez Perez, 2025). These 

developments show a general shift to electrochemical analysis based on data and numbers rather than one that is 

interpretative, with data being represented numerically and evaluated statistically alongside existing interpretation. 

Multivariate analysis is particularly pertinent when a number of curve-derived characteristics are related to aspects of the 

same response. The combination of electrochemical measurements with multivariate statistical analysis has been 

employed to identify and classify complex patterns in samples and to simplify the multidimensional information into 

meaningful patterns (Geană et al., 2020). PCA is a mathematical tool that can be used to model correlated variables by a 

smaller set of orthogonal variables that preserve a significant amount of variation in the original variables. This is a method 

that has been well developed in multivariate statistics to select dominant covariance structure and derive lower-

dimensional representations of high-dimensional numerical observations (Mardia et al., 2024). The increasing evolution 

of multivariate data analysis has also highlighted the importance of considering the association between sets of variables 

as a whole rather than interpreting the measures of association between variables separately (Black & Babin, 2019). 

However, there is a methodological gap in the integrated statistical characterisation of the variability of polarization 

curves. While attention given to selected physical parameters or individual response profiles is common electrochemical 

analyses, attention given to a single curve-level framework of numerical feature extraction, distribution-sensitive 

statistical comparisons, regression modelling and multivariate dimensionality reduction is less common. The behavior of 

the response magnitude, response dispersion, the area under the curve and the gradient characteristics of the response as 

a function of the concentration and scan-rate conditions should also be systematically evaluated. There is also a need to 

check for the stability of statistical structures when only highly complete curves are analysed, because this is not 

necessarily the case when differences in measurement completeness exist. Solving these problems can make polarization 

measurements more reliable when used in a quantitative manner and place the electrochemical system in a class of 

applications where statistical and numerical methods are used. 

The aim of the present study is thus to statistically describe and model the variability of electrochemical polarization 

response under experimental conditions. The first goal is to measure the central tendency, dispersion, integrated response 

and gradient characteristics with numerical features at the level of the curve. The second goal is to assess differences and 

statistical correlations between principal polarization characteristics in different concentrations and scan rates for 

electrolytes. The third aim is to discover dominant multivariate patterns by means of principal component analysis and to 

evaluate the stability of the structure derived from the statistical analysis to the incompleteness of the measurements. 

2. Methodology 

2.1 Research Design 
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A quantitative computational design method was chosen to describe the polarization curves of the electrochemical system 

using statistical and multivariate methods. Each polarization curve was analysed independently for numerical 

characterization. The analytical framework included data preprocessing, curve-level feature extraction, descriptive data, 

non-parametric testing, regression modelling, principal component analysis (PCA) and sensitivity assessment. This 

allowed for a systematic assessment of the polarization characteristics over the experimental conditions without making 

the analysis at the level of individual raw measurement points. 

2.2 Data Source 

These data were measured from the experimental work reported by Coelho (2023). Records were made of potentio-

dynamic polarisation data taken from 316L stainless steel at different concentrations of NaCl and scan rates. For each 

polarization curve, two sets of potential and current-density values were obtained, each with sufficient points to be 

numerically characterized and modelled using a statistical approach. 

2.3 Data Preparation and Quality Assessment 

The potential and current density records were matched based on their experimental conditions and sorted at the curve 

level. Data integrity was evaluated by checking dimensional consistency, missing readings, non-finite readings, and the 

number of valid potential-current pairs. Observations of current density that were missing were not imputed and were 

considered missing. The proportions of valid observations to the estimated number of observations were computed for 

curve-level completeness. Furthermore, a criterion of completeness of ≥95% was set as an additional completeness 

criterion for the robustness assessment. 

2.4 Numerical Characterization of Polarization Curves 

Valid potential–current pairs were used to transform each polarization curve into a set of numerical descriptors. The 

characteristics that were extracted were minimum current, maximum current, mean current, median current, mean absolute 

current, current standard deviation and current range. The total area under the curve (AUC) was quantified, with a 

trapezoidal numerical integration used. The mean absolute slope (MAS) was used to represent the curve-gradient behavior 

as defined by the mean value of the absolute gradient of current density with respect to potential change between 

successive points. These descriptors were used to give numerical descriptions of curve magnitude, dispersion, integrated 

response and gradient variation, which were standardized. 

2.5 Descriptive and Inferential Statistical Analysis 

The data were analysed using descriptive statistics for each experimental condition. Due to the curvature of the 

characteristics and the large differences in the magnitude of the responses, median and quartile ranges were used as the 

main summary measures. The mean absolute current, the standard deviation of the current, the range of the current, the 

absolute area under the curve (AUC), and the mean absolute slope were tested for differences between the conditions 

using the Kruskal–Wallis test. Statistical significance was assessed at p<0.05. Epsilon-squared (ε2) was calculated to 

quantify the magnitude of differences identified by the non-parametric comparisons. 

2.6 Regression Modeling 

The regression models were created individually for mean absolute current, standard deviation of current, range of current, 

absolute AUC, and mean absolute slope. Data were log-transformed prior to the model because they were positively 

skewed and were prone to numerical instability. The experimental conditions of NaCl concentration and scan rate were 

included as explanatory factors. The model performance was evaluated using the coefficient of determination (R2), 

adjusted R2, F statistic, and associated significance level. Model coefficients were considered conditional associations 

because the experimental conditions did not constitute a complete factorial combination of concentration and scan rate. 

2.7 Principal Component Analysis 

The common variation between the main characteristics derived from the principal curve was explored using PCA. The 

data were transformed to a logarithmic scale and standardized before analyses to correct for differences in scales and 

dispersion: mean absolute current, current standard deviation, current range, absolute AUC, and mean absolute slope. The 

feature matrix was standardized and then principal components were extracted. The values of eigenvalues and explained 

variance were obtained for each component, and the component scores were used to explore the distribution of curves in 

reduced dimensional space. The feature loadings were calculated to see the relative contribution of each numerical feature 

to the principal components. 

2.8 Sensitivity Analysis 

The robustness of the findings was assessed by repeating the main analyses after restricting the analytical sample to curves 

with ≥95% completeness. The Kruskal–Wallis tests and corresponding epsilon-squared estimates were re-computed with 

the restricted sample. The same logarithmic transformation and standardisation were also repeated for PCA. Several 

changes in inferential statistics, effect sizes, explained variance, and component loadings were explored to determine the 

robustness of the analytic results for incomplete curve observations. 

 

3. Results 

3.1 Data Quality and Analytical Sample 

A total of 955 polarization curves were obtained in the end under five experimental conditions. According to Table 1, the 

number of curves recorded varied from 47 curves (0.050 M NaCl at 50 mV/s) to 377 curves (0.010 M NaCl at 100 mV/s). 

In the four conditions, the mean value of completeness was above 99% except for 0.050 M at 100 mVs-1 (94.59%). In 

total, 935 curves (97.91%) reached a completeness of ≥95%. The number of valid points per curve was also found to be 

different depending on the scan rate, with values of around 2,217–2,218 at 50 mV/s and 1,103–1,108 at 100 mV/s. 

 

Table 1. Dataset and data-quality characteristics 
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NaC

l 

(M) 

Scan 

rate 

(mV/s) 

Curv

es 

Median 

valid 

points 

Mean 

completeness 

(%) 

Minimum 

completeness 

(%) 

Curves 

≥95% 

complete 

Curves 

≥95% 

complete 

(%) 

0.00

5 

100 287 1108 100.00 99.64 287 100.00 

0.01

0 

50 119 2218 99.90 95.13 119 100.00 

0.01

0 

100 377 1108 100.00 100.00 377 100.00 

0.05

0 

50 47 2217 99.51 93.23 46 97.87 

0.05

0 

100 125 1103 94.59 29.72 106 84.80 

 

3.2 Distribution of Polarization Characteristics 

The numerical features extracted were found to be very different for various experimental conditions. Table 2 shows that 

median mean absolute current ranged from 794.95 at 0.010 M and 100 mV/s to 39,831.29 at 0.050 M and 50 mV/s. Median 

current range varied from 7,829.76 to 543,160.70, while median absolute AUC ranged from 676.26 to 33,909.70. Mean 

absolute slope showed the widest numerical separation, ranging from 46,093.14 at 0.010 M and 100 mV/s to 1,259,243.12 

at 0.050 M and 50 mV/s. The distributions of absolute AUC for each of the conditions are shown in Figure 1A, where the 

highest median and broadest range are found at 0.050 M and 50 mV/s, respectively. The distributions of mean absolute 

slope were highest at 0.050 M and 50 mV/s, and were lowest at 0.010 M and 100 mV/s (Figure 1B). 

 

Table 2. Descriptive statistics of principal polarization features 

N

a

Cl 
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s) 
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absolut

e 

curren

t, 

media

n 

Mean 
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current, 

IQR 
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IQR 

Absolu

te 
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n 

Absolut

e AUC, 

IQR 

Mean 

absolute 

slope, 

median 

Mean 

absolu

te 

slope, 

IQR 

0.

00

5 

100 28

7 

1,523.8

1 

994.25 10,452.6

3 

3,069.40 1,290.6

3 

848.72 74,379.62 59,562

.39 

0.

01

0 

50 11

9 

1,446.0

4 

1,783.34 12,686.9

3 

46,973.71 1,232.8

6 

1,522.94 158,695.4

5 

160,45

3.53 

0.

01

0 

100 37

7 

794.95 141.91 7,829.76 2,214.87 676.26 120.52 46,093.14 5,798.

61 

0.

05

0 

50 47 39,831.

29 

167,975.

16 

543,160.

70 

1,169,371

.13 

33,909.

70 

141,793.

75 

1,259,243

.12 

2,772,

811.46 

0.

05

0 

100 12

5 

1,926.9

5 

2,409.73 79,521.6

2 

110,364.6

5 

1,600.3

2 

1,966.44 257,135.3

3 

479,63

8.77 
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Figure 1. Distribution of numerical polarization characteristics across experimental conditions. (A) Integrated 

polarization response represented by absolute AUC. (B) Polarization curve gradient represented by mean 

absolute slope. 

 

3.3 Differences Across Experimental Conditions 

Every characteristic was determined by Kruskal–Wallis testing, and there were significant differences in the five 

experimental conditions. As seen in Table 3, all tests were significant at p<0.001. For the H statistics, the mean absolute 

current was 279.249, and the current standard deviation was 268.770; the current range was 247.720; the absolute AUC 

was 275.617, and the mean absolute slope was 468.239. The range of values of epsilon-squared was 0.257 to 0.489. The 

sensitivity analysis for completeness ≥95% kept 935 curves. All five comparisons were significant at p < 0.001, with 

epsilon-squared values between 0.291 and 0.503. 

 

Table 3. Primary and sensitivity Kruskal–Wallis results 

Feature Primar

y N 

Primar

y H 

d

f 

Primar

y p 

Primar

y ε² 

Sensitivity 

N 

Sensitivity 

H 

Sensitivity 

p 

Sensiti

vity ε² 

Mean 

absolute 

current 

955 279.249 4 <0.001 0.290 935 300.387 <0.001 0.319 

Current 

SD 

955 268.770 4 <0.001 0.279 935 288.957 <0.001 0.306 

Current 

range 

955 247.720 4 <0.001 0.257 935 274.627 <0.001 0.291 

Absolute 

AUC 

955 275.617 4 <0.001 0.286 935 298.063 <0.001 0.316 

Mean 

absolute 

slope 

955 468.239 4 <0.001 0.489 935 471.930 <0.001 0.503 

 

3.4 Regression Model Results 

The log-transformed polarization characteristics regression models were all statistically significant. Table 4 shows 

R2values of 0.276 for mean absolute current, 0.271 for current standard deviation, 0.288 for current range, and 0.265 for 

absolute AUC. The highest R2was obtained for mean absolute slope at 0.509, with an adjusted R2of 0.507. F statistics 

ranged from 49.602 to 149.549, with p<0.001for all models. 

 

Table 4. Regression model performance for polarization characteristics 

Outcome N R² Adjusted R² F statistic p-value 

Mean absolute current 955 0.276 0.273 79.053 <0.001 

Current SD 955 0.271 0.269 49.602 <0.001 

Current range 955 0.288 0.286 51.361 <0.001 
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Absolute AUC 955 0.265 0.263 78.348 <0.001 

Mean absolute slope 955 0.509 0.507 149.549 <0.001 

 

3.5 Principal Component Analysis 

Most of the variance in the standardized numerical features was explained by the first two principal components. From 

Table 5, it can be seen that the first principal component (PC1) accounted for 90.583% of the total variance with an 

eigenvalue of 4.534. The eigenvalue of PC2 was 0.335, and it accounted for another 6.691%, bringing the cumulative 

explained variance to 97.274%. 

 

Table 5. Principal component analysis summary 

Principal component Eigenvalue Explained variance (%) Cumulative variance (%) 

PC1 4.534 90.583 90.583 

PC2 0.335 6.691 97.274 

 

The scores of all 955 curves in the PC1–PC2 plane are plotted in Figure 2. Mean PC1 scores were −0.111 for 0.005 M/100 

mV/s, 0.250 for 0.010 M/50 mV/s, −0.978 for 0.010 M/100 mV/s, 4.400 for 0.050 M/50 mV/s, and 1.311 for 0.050 M/100 

mV/s. The corresponding mean PC2 scores were −0.363, 0.491, −0.101, 0.031, and 0.660, respectively. 

 

 
Figure 2. Principal component scores of polarization curves across experimental conditions. 

 

3.6 Principal Component Loadings 

The loading coefficients indicated the relative importance of the five numerical variables to PC1 and PC2. As seen in 

Figure 3, mean absolute current (0.455), current standard deviation (0.465), current range (0.453), absolute AUC (0.453) 

and mean absolute slope (0.407) had positive PC1 loadings. Mean absolute slope had the highest positive loading (0.827) 

for PC2, followed by current range (0.112). The loadings of PC2 were −0.374 for mean absolute current, −0.081 for 

current standard deviation and −0.398 for absolute AUC. 
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Figure 3. Principal component loading structure of polarization features. 

 

4. Discussion 

The polarization responses showed strong condition-dependent differences in both the magnitude and dispersion, as well 

as in the integrated response and gradient of the curve. The median mean absolute current, mean absolute slope, current 

range, and absolute AUC were all found to be highest at the 0.050 M NaCl condition, with the lowest being at 0.010 M 

NaCl, and all at 100 mV/s. The interquartile ranges of the data were also large, at 0.050 M and 50 mV/s, suggesting larger 

within-condition variability, especially for current range and mean absolute slope. The curves indicate that the changes in 

experimental conditions were manifested at the same time in several numerical characteristics of the polarization curve. 

The Kruskal–Wallis test showed significant differences among all five conditions (εpsilon-squared from 0.257 to 0.489). 

The largest effect size was from Mean absolute slope in terms of the effect on curve-gradient behavior. A sensitivity 

analysis yielded similar results when the curves were limited to those that are at least 95% complete, showing that the 

remaining curves did not significantly affect the statistical pattern. Regression modeling provided an additional assessment 

of variability across experimental conditions. The models accounted for about 26.5–28.8% of the variance in the mean 

absolute current, the standard deviation of current, the range of current, and the absolute AUC, respectively, with a model 

for the mean absolute slope having an R^2 of 0.509. The multivariate structure was extremely concentrated, with the first 

two PCs accounting for 97.274% of the total variance, with the first one accounting for 90.583%. The common variance 

of all five features was identified by the positive loadings on PC1, and the high loading on PC2 for mean absolute slope 

differentiated them from other features, as it varied according to the gradient. 

The difference seen between the various electrolyte conditions is consistent with other evidence that the concentration of 

the electrolyte can have a significant effect on the polarization behavior. The sensitivity of polarization response to the 

electrolyte concentration was demonstrated by Chen et al. (2025), who optimized the electrolyte concentration to reduce 

the electrode polarization. Similar results were published by Zhu et al. (2024) and they revealed that the electrochemical 

performance of hydrogel electrolytes varied as a function of the concentration of both water and salt. The electrochemical 

systems are different, but both studies confirm that there is a significant amount of response variation due to concentration. 

It is noted that the curve-level statistical method is consistent with the previous one, which specifically included 316L 

stainless steel. Coelho et al. (2023) showed the usefulness of statistical and machine-learning analysis to estimate the 

pitting descriptors based on electrochemical measurements. The present results support that approach by demonstrating 

that numerical representations of magnitude, dispersion, integrated response and gradient can all describe the variability 

in polarization. Other electrochemical systems have also shown variability to be a useful analysis parameter. When there 

is inconsistency in the response to a stimulus, Wang et al. (2025) quantified and predicted the inconsistencies in lithium-

ion battery packs from operating data, highlighting the importance of statistical characterization. A similar finding of 

spatiotemporal variation in polarization was also found by Suzer et al. (2021) in operando potential mapping, highlighting 

the need to consider electrochemical heterogeneity. 

The regression results are consistent with the general trend of using multivariable statistical models for assessing the 

electrochemical response. In an effort to estimate the lithium-ion battery state of health, Lyu et al. (2022) implemented a 

Bayesian multivariate regression model with several health indicators. The types of such work help in bringing together 

related numerical indicators, instead of evaluating them individually. Evidence of structured, multidimensional variation 

in polarization behavior is also found to be in agreement with the PCA results. Sun et al. (2025) applied time-resolved 

electrochemical measurements to characterize the distribution of dynamic polarization behavior, finding that polarization 

responses may exhibit different patterns for different operating states and indicating that distinguishable polarization 

patterns are available. Del Zotto et al. (2024) also demonstrated that parameterized polarization losses can aid in the 

prediction of the current–voltage characteristics. These studies agree that reduced number representations are suitable for 

electrochemical responses. 
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The results show the usefulness of the combined use of numerical curve characterization, inferential and multivariate 

statistics. Polarization features derived from the curve allow complete polarization profiles to be translated into meaningful 

and quantitative polarization parameters, and non-parametric testing allows comparison of different trends of response, 

which are heterogeneous. The condition associated variation can be quantified by regression modeling, and the PCA 

representation can be used to provide a compact representation of correlated polarization characteristics. The high 

percentage of variance explained by the first two principal components indicates that there is a lot of variance at the curve 

level that can be captured in an economical manner without adding a new dimension for each of the curve's characteristics. 

In this work, a statistical applied approach to analyze collections of electrochemical response curves is proposed, 

maintaining most of the main statistical characteristics of the curves. 

There are some restrictions to be noted. The experimental groups were not matched, and the concentration and scan rate 

were not a complete factorial design. A small proportion of curves contained incomplete current-density measurements; 

however, sensitivity analysis restricted to curves with ≥95% completeness produced comparable statistical patterns. The 

framework developed in this work could be used in future studies for balanced experimental designs, expanded 

concentration and scan rates, and in stand-alone electrochemical systems. The statistical structure identified may also be 

studied in conjunction with other curve descriptors and/or nonlinear multivariate methods to analyze whether they can 

account for other components of the polarization variability that are not captured by the statistical structure. 

 

5. Conclusion 

The electrochemical polarization responses showed a significant spread when the different NaCl concentration and scan-

rate conditions were tested. The responses were characterized numerically at the curve level, where there were significant 

differences in the amplitude of the response, its dispersion, the integrated area of the response and its gradient behavior 

with the best curve-level differentiation being in terms of mean absolute slope. Non-parametric comparisons revealed that 

all main polarization characteristics were different between groups and the sensitivity analysis demonstrated that these 

trends did not change with the inclusion of only very complete curves. Regression modeling showed that the experimental 

factors explained meaningful variation in the numerical features extracted from the polarization curves, with the strongest 

explanatory performance observed for mean absolute slope. PCA can effectively reduce the multivariate feature space, 

with PC1 explaining 90.583% of total variance and the first two components explaining 97.274% of the total variance. 

The results demonstrate the usefulness of numerical feature extraction, inferential statistics, regression and multivariate 

analysis for characterizing the variability in the polarization responses in a compact and robust framework. The method 

is useful for quantitative electrochemical analysis and applies to a wider range of experimental conditions and other 

electrochemical systems. 
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