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Method for Generating Correlation Plots 

Formulation 

Correlation plots are used in this work to provide a quantitative way of explaining the 

degree to which achieving a given target cell metric (e.g., Wh/kg, W/kg, or $/kWh) depends on a 

given material property, cell design, or cost parameter. Several standard correlation plots exist in 

the literature for statistical analysis of large datasets, notably the Pearson, Spearman, and Kendall 

plots.1 The correlation values in the Pearson, Spearman, and Kendall plots quantify, respectively,  

the linearity, monotonic nature, and rank correlation of a dataset. These plots can be used to judge 

whether the inputs are positively or negatively correlated to outputs, but they provide minimal 

information on which inputs have the greatest relationship to the outputs. For instance, the 

correlation values depend on the variable ranges and sampling strategies used to generate the 

database. These correlations are also best suited for providing information on the database as a 

whole. They have limitations when attempting to determine finer-grained insights about how the 

importance of an input variable changes when attempting to achieve certain output values included 

within the database. These shortcomings motivated the development of the correlation plotting 

method described here. The goal is to provide a more quantitative correlation for all input 

parameters in the Monte Carlo database as a function of the target output metrics.  

 

This process can be understood by first noting that the Monte-Carlo database was generated 

by sampling each input variable (Vi) using a uniform distribution, which is defined as follows: 

 

 
             𝑉𝑖 = 𝑈(𝑉𝑖,𝑚𝑖𝑛, 𝑉𝑖,𝑚𝑎𝑥), [S1] 

 

where U signifies a uniform distribution between Vi,min, and Vi,max, which are the minimum and 

maximum variable values listed in Tables 2 and 3 in the main text. The first step in the method 

involves normalizing the database for each variable, Vi, to make the formulation consistent with 

the statistics literature. The normalization is done by converting every value, νj, of independent 

variable, Vi, into the normalized value, xj, of the normalized independent variable, Xi, as follows: 

 

 
𝑋𝑖 = [ 𝑥1, 𝑥2, … , 𝑥𝑗], 𝑤ℎ𝑒𝑟𝑒    𝑥𝑗 =  

𝑣𝑗   −  𝑉𝑖,𝑚𝑖𝑛,

𝑉𝑖,𝑚𝑎𝑥 − 𝑉𝑖,𝑚𝑖𝑛
 . [S2] 

 

The second step requires binning the values of Xi based on their ability to achieve a target output 

metric (Y). Binning is achieved by evaluating the cumulative distribution function (CDF) defined 

in Eq. S3: 

 

 
𝐹𝑋𝑌(𝑥, 𝑦) =   𝑃(𝑋 ≥ 𝑥, 𝑌 𝜖 𝑦), 𝑤ℎ𝑒𝑟𝑒 𝜖 = {

≤, 𝑒. 𝑔.   $/𝑘𝑊ℎ 
≥, 𝑒. 𝑔.   𝑊ℎ/𝑘𝑔

 ,  [S3] 

 

where P is the probability that the normalized independent variable, X, is greater than or equal to 

a certain normalized value, x, and the output metric, Y, is greater (or less) than or equal to the target 

output value, y. The probability is calculated by counting the number of simulations in the Monte 

Carlo database that meet these criteria and dividing by the total number of simulations. The 

condition on Y can be greater than or less than y depending on the metric. For instance, the cost 
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metric, $/kWh, is met if its value is less than or equal to y, while the specific energy metric, Wh/kg, 

is met if its value is greater than or equal to y. In this work, the values of x used to evaluate FXY 

are selected to evenly segment the database among 15 values. Note that different numbers of 

segments were tested, and consistent results were observed between 5 and 25 segments.  

 

An example CDF using nine x values is shown in Table S1, where the average open circuit 

voltage (�̅�) is the independent variable, Vi, and the specific capacity is the target output metric, Y. 

Results are shown for nine vi values from 1.0 to 5.0 V and nine target specific capacities, y, from 

0 to 600 Wh/kg. The colored values are the results from FXY. Note that the FXY value in the upper 

left corner is equal to one, indicating every value in the database meets these criteria (i.e., �̅� > 1.0 

V and Y > 0 Wh/kg). 

 
Table S1. Example results for the cumulative distribution function, FXY, with the average open circuit 

voltage, �̅�, as the variable, Vi, and the specific capacity, Wh/kg, as the output metric, Y. Each value in the 

table denotes the probability, P, that �̅� > vj (i.e., Xi > xj) and Y > y for all simulations in the Monte Carlo 

database. 

 
 

The third step converts the CDF into a probability density function (PDF) using the 

following equation: 

 

 𝑓𝑋𝑌(𝑥, 𝑦) =  𝑃(𝑥𝑗  ≥ 𝑋 ≥  𝑥𝑗+1, 𝑌 𝜖 𝑦) =  𝐹𝑋𝑌(𝑥𝑗+1, 𝑦) −  𝐹𝑋𝑌(𝑥𝑗 , 𝑦). [S4] 

 

This equation provides the probability that a simulation has a value of X from xj to xj+1 and a value 

of Y that meets the criteria y. Table S2 provides the PDF for the CDF in Table S1. Note that the 

use of nine vj/xj values in Table S1 corresponds to eight bins in Table S2. Also note that, for the 

condition where Y > 0 Wh/kg, all bins have probabilities of ~1/8, indicating the database is divided 

equally among the eight bins. In this case, the values of  �̅� have no impact on whether Y > 0 Wh/kg 

because all results have Y > 0 Wh/kg. Slight deviations from 1/8 in this column correspond to 

slightly uneven sampling in the Monte Carlo simulations.  
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Table S2. Example results for probability density function, fXY. Each colored value denotes the probability, 

P, that vj < �̅�< vj+1 (i.e., xj < Xi < xj+1) and Y > y for all simulations in the Monte Carlo database. 

 
 

The value fY(y) at the bottom of Table S2 is the marginal probability that a simulation meets 

the criteria Y > y. It is calculated as follows: 

 

 𝑓𝑌(𝑦) =  ∑ 𝑓𝑋𝑌(�̅�𝑘, 𝑦)

𝑘

 , [S5] 

 

where �̅�𝑘 is the average value of x in each bin. It represents the conversion of nine normalized 

values, xj, into eight bins with an average normalized value of �̅�𝑘. The marginal probability is used 

to convert the PDF (i.e., fXY) into a conditional probability as follows: 

 

 
𝑓𝑋|𝑌(𝑥|𝑦) =  

𝑓𝑋𝑌(𝑥, 𝑦)

𝑓𝑌(𝑦)
 , [S6] 

 

which is the probability that a simulation has a value of X from xj to xj+1 given it has a value of Y 

that meets the criteria y. The conditional probability values for the PDF values in Table S2 are 

given in Table S3.  

 

The correlation values for Vi with respect to the target are calculated by taking the slope of 

the conditional probability, fX|Y, with respect to the normalized value, �̅�𝑘, using a linear regression. 

The slope (∂fX/Y/∂�̅�𝑘,) is determined for all bins where 0.05 < x < 0.95 to remove the occasional 

noise observed at the extrema. Note that an empirical distribution function was also investigated, 

but it was found that the binning technique used here provided a cleaner average of slopes. 

 

For the example in Table S3, the correlation of Vi (i.e., �̅� or Xi) to each criterion Y > y is 

calculated from the slope of the middle six bins. The first and last bins are excluded from the linear 

regression because they contain x-values that are <0.05 and >0.95, respectively. The resulting 

slopes from the linear regressions are shown at the bottom of Table S3. The criterion Y > 0 Wh/kg 

has a slope ~0, indicating �̅� is not correlated with this target. The average open circuit voltage does 
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not influence whether a simulation has Y > 0 Wh/kg because all simulations have Y > 0 Wh/kg. 

The slope progressively increases with increasing y, indicating the correlation between �̅� and Y 

increases as y increases. This trend indicates that maximizing �̅� is increasingly important when 

trying to achieve high Wh/kg. 

 
Table S3. Example results for the conditional probability function, fX|Y. Each colored value denotes the 

probability, P, that vj < �̅� < vj+1 (i.e., xj < Xi < xj+1) for a given Y > y for all simulations in the Monte Carlo 

database. 

 
 

Example Correlation Plot 
 

Figure S1a provides an example correlation plot between three variables — the average 

open circuit voltage (�̅�), the thickness of the negative current collector (δ-,cc), and the area specific 

impedance (ASI) — and five energy density metrics from 0 to 1,250 Wh/kg. A color bar describing 

the color and hatching in Figure S1a is shown in Figure S1c. The colors represent the magnitude 

of the slope calculated in the previous section, with dark colors corresponding to high slopes (i.e., 

high correlations) and light colors corresponding to minimal slopes (i.e., minimal correlations). A 

solid square in Figure S1 corresponds to a positive slope, which indicates a positive correlation 

between the variable and the specific energy target. A positive correlation implies that increasing 

the variable increases the probability of achieving the specific energy target. A hatched square 

corresponds to a negative slope, which indicates a negative correlation. A negative correlation 

implies that increasing the variable decreases the probability of achieving the target. This color 

and fill explanation applies to all correlation plots in this work. The same color bar is also used for 

all correlation plots, with the darkest color representing the highest correlation between a 

parameter and a metric. 
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Figure S1. (a) Example correlation plot and histograms of probability distribution functions (fxy) for (b) the open 

circuit voltage, (d) the negative current collector thickness, and (e) the reference area specific impedance. The plots 

show results for different specific energy metrics (Y > y) ranging from 0 to 1,250 Wh/kg. A color bar is provided in 

(c) to describe the meaning of the colors in (a), where dark and light colors correspond to a high and minimal 

correlation, respectively, and solid and hatched squares correspond to positive and negative correlation, respectively. 

Parts (b), (d), and (e) correspond to variables with positive correlation, minimal correlation, and negative correlation, 

respectively. 

 

Figures S1b, S1d, and S1e provide stacked histograms of the probability distribution 

functions (fxy) for �̅�, δ-,CC, and ASI, respectively. These histograms are representations of the raw 

data used to calculate the correlations in Figure S1a. �̅� in Figure S1b represents a variable that has 

a positive correlation to specific energy targets. For all specific energies except 0 Wh/kg, the PDF 

increases with increasing values of �̅�, indicating the probability of achieving a specific energy 

target increases with increasing voltage. The PDF also decreases with increasing specific energy 

targets, indicating it is more difficult to achieve higher targets. The slopes of the PDFs in Figure 

S1b roughly correspond to the correlation plots in Figure S1a, where higher average slopes 

correspond to darker colors. The term roughly is used because the colors in Figure S1a are 

calculated from the conditional probability in Eq. S7, not the PDF plotted in Figure S1b. The 

conditional probability is calculated by dividing each bin of a given color (i.e., target) in Figure 

S1b by the total number of simulations with the same color. The PDF is shown in Figure S1b, and 

not the conditional probability, because it yielded similar conclusions (i.e., magnitude of the slope) 

with a better visualization. The darker colors in Figure S1a occur at higher Wh/kg targets, 
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indicating that maximizing �̅� becomes more important at higher specific energy targets. Figure 

S1b also highlights a region where no simulations can achieve >1,250 Wh/kg at low voltages. This 

result is indicative of a highly correlated variable/metric pair, which was properly categorized by 

a dark solid square in Figure S1a.  

 

 Figure S1d represents a variable with minimal correlation. It corresponds to near-uniform 

distributions in the PDF, suggesting the value of δ-,CC has a minimal impact on the probability of 

a battery cell achieving a specific energy target. The minimal correlation results in a light color in 

Figure S1a. The transition from a positive (solid square) to a negative (hatched square) in Figure 

S1a is caused by the cutoff criterion used for hatching and occurs because the correlation slope is 

close to zero. It is an artifact of the data analysis method and does not warrant further interpretation.  

 

Figure S1e represents a variable that is negatively correlated to the specific energy. For all 

targets except 0 Wh/kg, increasing the value of ASI decreases the probability of achieving a 

specific energy target. The PDF also decreases with increasing specific energy targets, indicating 

it is more difficult to achieve higher targets. The slopes of the PDFs in Figure S1b roughly 

correspond to the correlation plots in Figure S1a, where slopes with higher magnitudes correspond 

to darker colors. The darker colors in Figure S1a occur at higher Wh/kg targets, indicating that 

minimizing ASI becomes more important at higher specific energy targets.  
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Variable Ranges for Chemistries in Figure 2 

Table S4. Summary of materials parameters for battery chemistries in commercial use or in active 

development. Header definitions follow the table. See Table 2 in main text for symbol definitions. 

Input 

Parameter 
G-NMCA G-LFP G-LMO G-LCO Si/G-NMC Li-NMC Li-S 

Q+,act, mAh/g 160 – 230 150 – 170 110 – 130 130 – 150 160 – 230 160 – 230 1000 – 2000 

Q-,act, mAh/g 300 – 360 300 – 360 300 – 360 300 – 360 600 – 3000 1500 – 3000 1500 – 3000 

�̅�, V 3.55 – 3.85 3.17 – 3.47 3.85 – 4.15 3.65 – 3.95 3.4 – 3.85 3.65 – 3.95 2.15 – 2.45 

ρ+,act, g/cm3   4.5 – 4.8 3.3 – 3.6 4.1 - 4.4 4.5 – 4.8 4.5 – 4.8 4.5 – 4.8 1.9 – 2.2 

ρ-,act, g/cm3   2.1 – 2.4 2.1 – 2.4 2.1 – 2.4 2.1 – 2.4 2.1 – 2.5 1 – 1.5 1 – 1.5 

ε+, %  0.2 – 0.4 0.2 – 0.4 0.2 – 0.4 0.2 – 0.4 0.2 – 0.4 0.2 – 0.4 0.2 – 0.5 

ε-, %  0.2 – 0.4 0.2 – 0.4 0.2 – 0.4 0.2 – 0.4 0.3 – 0.5 0.01 – 0.4 0.01 – 0.4 

f+,act, %  90 – 100 90 – 100 90 – 100 90 – 100 90 – 100 90 – 100 80 – 90 

f-,act, %  90 – 100 90 – 100 90 – 100 90 – 100 70 – 100 90 – 100 90 – 100 

δsep, µm  15 – 20  15 – 20 15 – 20 15 – 20 15 – 20 15 – 40 15 – 40 

ρsep, g/cm3   0.5 – 1.5 0.5 – 1.5 0.5 – 1.5 0.5 – 1.5 0.5 – 1.5  0.5 – 4 0.5 – 4 

ρelyte, g/cm3   1.0 – 1.5 1.2 – 1.5 1.2 – 1.5 1.2 – 1.5 1.2 – 1.5 0.5 – 4 0.5 – 4 

ASI, Ω cm2 10 – 30 10 – 30 10 – 30 10 – 30 15 – 40 20 – 50 20 – 50 

 

Header Definitions 

• G: Graphite negative active electrode material 

• Si/G: Silicon/graphite composite negative active electrode material with up to 100% 

silicon  

• Li: Lithium metal negative active electrode material 

• NMCA: Nickel- and cobalt-containing layered oxide[i.e., nickel-cobalt-aluminum oxide 

(LiNi0.8Co0.15Al0.05O2, NCA) and nickel-manganese-cobalt oxide (LiNi1-x-yMnxCoyO2, 

NMC)] positive active electrode materials 

• LFP: Lithium iron phosphate (LiFePO4) positive active electrode material 

• LMO: Lithium manganese oxide (LiMn2O4) positive active electrode material 

• LCO: Lithium cobalt oxide (LiCoO2) positive active electrode material 

• S: Sulfur positive active electrode material 
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Energy and Power Density Figures 

 

Figure S2. Correlation plots showing the relative importance of optimizing (a) material and (b) 

battery design parameters to achieving selected energy density (Wh/L) targets, for the input ranges 

given in Table 2. Solid darker colors indicate the variable has a high degree of positive correlation, 

where higher values are necessary to achieve the goal. Hatched darker colors indicate strong 

negative correlation, where lower values are needed to meet the target. Light colors indicate the 

variable has minimal or no correlation, and its value has a limited impact on achieving the target. 

The relative correlation of parameters to energy density remains similar with the correlation to 

specific energy (Wh/kg) observed in Figure 3 for most parameters. One difference is a significant 

decrease in the correlation for the electrolyte density ρelyte because mass is not a concern in energy 

density. Another difference is an increase in the correlation for the active material densities (ρ±,act). 

This difference occurs because, for a fixed specific capacity (Q±,act in mAh/g), increases in ρ±,act 

provide decreases in the total volume, which are useful for achieving energy density targets. 
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Figure S3. Correlation plots showing the relative importance of optimizing (a) material and (b) 

battery design parameters to achieving selected power density (W/L) targets, for the input ranges 

in Table 2. Solid darker colors indicate the variable has a high degree of positive correlation, where 

higher values are necessary to achieve the goal. Hatched darker colors indicate strong negative 

correlation, where lower values are needed to meet the target. Light colors indicate the variable 

has minimal or no correlation, and its value has a limited impact on achieving the target. The 

relative correlation of parameters to power density remains similar to the correlation with specific 

power (W/kg) observed in Figure 5 for most parameters. One difference is a decrease in the 

correlation for the electrolyte density ρelyte, because mass is not a concern in power density targets. 
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