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Abstract 10 

Although over 300 million protein sequences are registered in a reference sequence database, 11 

only 0.2% have experimentally determined functions. This suggests that many valuable 12 

proteins, potentially catalyzing novel enzymatic reactions, remain undiscovered among the 13 

vast number of function-unknown proteins. In this study, we developed a method to predict 14 

whether two proteins catalyze the same enzymatic reaction by analyzing sequence and 15 

structural similarities, utilizing structural models predicted by AlphaFold2. We performed 16 

pocket detection and domain decomposition for each structural model. The similarity between 17 

protein pairs was assessed using features such as full-length sequence similarity, domain 18 

structural similarity, and pocket similarity. We developed several models using conventional 19 
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machine learning algorithms and found that the LightGBM-based model outperformed the 20 

models. Our method also surpassed existing approaches, including those based solely on full-21 

length sequence similarity and state-of-the-art deep learning models. Feature importance 22 

analysis revealed that domain sequence identity, calculated through structural alignment, had 23 

the greatest influence on the prediction. Therefore, our findings demonstrate that integrating 24 

sequence and structural information improves the accuracy of protein function prediction. 25 

 26 

Keywords 27 
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 30 

1. Introduction 31 

Proteins fold into specific tertiary structures, enabling them to perform distinct biological 32 

functions. Among these, enzymes have increasingly been recognized as powerful tools in green 33 

chemistry due to their ability to catalyze chemical reactions under mild conditions, with high 34 

selectivity and reduced waste production [1]. As a result, significant efforts have been made to 35 

discover novel enzymes with valuable functions [2]. Now, let us consider the potential for 36 

finding such enzymes. The reference sequence (RefSeq) collection of the National Center for 37 

Biotechnology Information (NCBI) contains over 300 million protein sequences, yet the 38 
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number of proteins with known functions is quite limited. For instance, the Swiss-Prot database, 39 

one of the most widely accessed sources of experimentally determined protein functions, 40 

includes only 570,000 entries, representing just 0.2% of known proteins. This indicates that a 41 

vast number of the proteins with unknown functions remain, and many useful enzymes are 42 

likely still undiscovered. 43 

The functional information resistered in the Swiss-Prot database is sourced from scientific 44 

literatures and manually curated by experts. The protein’s function is described using Gene 45 

Ontology (GO) terms [4], Enzyme Comission (EC) numbers [5], Kyoto Encyclopedia of Genes 46 

and Genomes (KEGG) identifiers (IDs) [6], as well as through descriptive text. Enzymatic 47 

reactions catalyzed by the protein are associated with the entries of the Rhea database [7], 48 

which classifes enzymatic reactions by their reaction participants (i.e., their substrates and 49 

products) and assigns a unique ID (Rhea ID) to each class of the reaction. 50 

Experimental determination of protein function is both expensive and time-consuming, 51 

which limits the number of proteins with known functions. To address this issue, researchers 52 

have developed computational methods to predict protein function from amino acid sequences 53 

[3]. Sequence similarity search programs, such as BLAST, are commonly used to predict 54 

protein function by comparing it to proteins with known functions [4,5]. However, these 55 

programs are less effective at predicting the function of enzymes, particularly their substrates 56 

and products, because small changes in amino acid sequences can affect substrate specificity. 57 
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Since an enzymes’s substrate specificity is determined by the spatial arrangement of amino 58 

acid residues in its substrate-binding pocket, incorporating structural information should 59 

enhance function prediction accuracy. Although structural information was limited to 60 

experimentally determined structures, typically available only for proteins with known 61 

functions. However, the advent of the deep learning-based protein structure prediction program 62 

AlphaFold2 (AF2) [6] has eliminated this limitation. AF2 has already predicted the structures 63 

of over 200 million proteins, now accessible through the AlphaFold Protein Structure Database 64 

(AFDB) [7]. Consequently, accurate enzyme function prediction is now acheivable using these 65 

predicted structures. 66 

Deep learning techniques had also been directly applied to protein function prediction [8]. 67 

Various models have been developed to predict GO terms [9], EC classes [10–12], and 68 

functional domains within protein sequences [13]. In line with recent advances in deep learning, 69 

more complex models trained on large datasets have been used to improve protein function 70 

prediction methods. For example, the protein language model Evolutionary Scale Modeling 71 

(ESM), trained on millions of protein sequences, has demonstrated the ability to predict both 72 

the structure and function of proteins from their amino acid sequences [14,15]. Graph neural 73 

network-based models, such as DeepFRI [16] and GearNet [17], trained on extensive sequence 74 

and structural data, have also successfully predicted protein functions [18]. 75 
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Although these models have achieved high prediction performance, they are difficult to 76 

interpret [19] and computationally expensive [20] due to their complexity. In contrast, 77 

conventional machine learning models with hypothesis-driven feature engineering provide 78 

better interpretability and require less computational power. Therefore, we adopted 79 

conventional machine learning models to develope protein function prediction methods. In this 80 

study, we constructed several binary classifiers to predict whether two proteins catalyze the 81 

same enzymatic reaction, training them using selected features representing sequence and 82 

structural similarities between the proteins. The prediction performances of these classifiers 83 

were compared with each other, with those based solely on sequence similarity, and with state-84 

of-the-art deep learning-based methods. Additionally, we conducted feature importance 85 

analyses to assess the contribution of structural information to protein function prediction. 86 

 87 

2. Materials and methods 88 

2.1. Dataset construction 89 

We obtained the sequences and structural models of 225,323 proteins associated with Rhea 90 

IDs, from Swiss-Prot (Release 2022_04) and AFDB (v4), respectively. Each protein sequence 91 

was subjected to a BLAST [26] search against the Swiss-Prot protein sequence database. Hits 92 

with E-values less than 10 that matched the 225,323 proteins were extracted to create a list of 93 

protein pairs. The protein pairs were then classified into two sets: one composed of protein 94 
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pairs sharing identical functions, indicated by the same Rhea IDs, and the other composed of 95 

protein pairs having different functions with distinct RheaID. We constucted a dataset by 96 

randomly selecting 50,000 pairs with identical functions and 50,000 pairs with different 97 

functions. For each protein in the dataset, surface pockets were detected using Ghecom [21–98 

23]. Pocket-forming residues were defined as those with non-hydrogen atoms located within 5 99 

Å of a probe in a pocket, and these residues were extracted from each pocket. Subsequently, 100 

we decomposed the structural models into domains using the pae_to_domains program, which 101 

performs domain decomposition of AF2-predicted structures based on predicted aligned error 102 

(PAE) [24], employing a graph-based community clustering approach [25]. Only residues with 103 

per-residue confidence (pLDDT) greater than 70 were cosidered, and small domains with fewer 104 

than 30 residues were discarded. 105 

 106 

2.2. Feature engineering 107 

2.2.1. Full-length sequence similarity features 108 

The E-value and sequence identity calculated with BLAST [26] in the previous section were 109 

used as full-length sequence similarity features for each protein pair, referred to as Full_Evalue 110 

and Full_SeqID, respectively. The E-value was converted to its common logarithm, 111 

log10(E-value), if E-value > 10−180; otherwise, log10(E-value) was set to −200. 112 

 113 

2.2.2 Domain structural similarity features 114 
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Since AF2 cannot accurately predict the relative positions of structurally independent 115 

domains, we decomposed the structural models into domains based on PAE and assessed the 116 

structural similarity between protein pairs by comparing their domains. If proteins A and B, 117 

being compared, consist of 𝑛A  and 𝑛B  domains, respectively, structure alignment was 118 

performed using TM-align [27] for each of 𝑛A × 𝑛B pairs of the domains. For each domain 119 

pair, we calculated the average TM-score [28], root-mean-square deviation (RMSD), and 120 

sequence identity. The values from the domain pair with the highest average TM-score were 121 

selected as the structural similarity features for the protein pair. These features are referred to 122 

as Dmn_TM, Dmn_RMSD, and Dmn_SeqID, respectively. 123 

 124 

2.2.3. Pocket similarity features 125 

A pocket within a domain was defined as the intersection of the pocket-forming residues and 126 

the residues comprising the domain. The similarity between pockets in two proteins was 127 

evaluated by comparing the pockets within the domains that had the highest average TM-score 128 

for the protein pair. If a domain contained two or more pockets, only the largest pocket was 129 

considered. Structure comparison was performed using PyMol’s “align” function, and the 130 

RMSD and sequence identity for the pocket pair were calculated. These values were used as 131 

the pocket similarity features for the protein pair, referred to as Pckt_RMSD and Pckt_SeqID, 132 

respectively. 133 

 134 
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2.3. Model training and hyperparameter optimization 135 

After excluding protein pairs for which some similarity features could not be computed, the 136 

final dataset consisted of 20,800 pairs with identical functions and 20,800 pairs with different 137 

functions. The dataset was then randomly divided into training (56.25%), validation (18.75%), 138 

and test sub-datasets (25%), with each sub-dataset containing an equal number of identical-139 

function and different-function protein pairs. We developed binary classification models using 140 

the LightGBM [29], Random Forest, Decision Tree, AdaBoost, Logistic Regression, Linear 141 

Discriminant Analysis, K-Nearest Neighbors, Naïve Bayes, and Support-Vector Machine 142 

algorithms to predict the functional identity between a pair of proteins, i.e., whether the two 143 

proteins share the same function. Each model was trained on the training sub-dataset, and its 144 

hyper-parameters were tuned using Optuna [31], an automatic hyperparameter search 145 

framework, through 5-fold cross validation on the validation sub-dataset. The area under the 146 

receiver operating characteristic curve (AUROC) was used as the evaluation metric during 147 

validation. To assess the stability and variability of the model, we conducted 50 bootstrap 148 

iterations. 149 

 150 
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2.4. Performance assessment 151 

We used six common metrics to assess performance: accuracy (ACC), false positive rate 152 

(FPR), Matthews correlation coefficient (MCC), precision (PRE), recall (REC), and F1 score. 153 

The prediction threshold was set to maximize the F1 score. The metrics are defined as follows: 154 

𝐴𝐶𝐶 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 155 

𝐹𝑃𝑅 =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
 156 

𝑀𝐶𝐶 =  
((𝑇𝑃 × 𝑇𝑁) − (𝐹𝑃 × 𝐹𝑁))

√(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
 157 

𝑃𝑅𝐸 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 158 

𝑅𝐸𝐶 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 159 

𝐹1 =
2 × 𝑃𝑅𝐸 × 𝑅𝐸𝐶

𝑃𝑅𝐸 + 𝑅𝐸𝐶
 160 

where 𝑇𝑃, 𝐹𝑃, 𝑇𝑁, and 𝐹𝑁 represent the numbers of true positives, false positives, true 161 

negatives, and false negatives, respectively. We used the AUROC and the area under the 162 

precision-recall curve (AUPR) to compare the performance of different models. 163 

 164 

2.5. Prediction with DeepFRI 165 

DeepFRI uses graph convolutional neural networks to predict protein function based on 166 

sequence and structural information [31]. The model is pre-trained to predict both GO terms 167 

and EC numbers for proteins. DeepFRI generates a vector of real numbers between 0 and 1, 168 

where each number corresponds to a specific protein function (i.e., a GO term or EC number) 169 
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and represents the prediction confidence that the input protein exhibits the corresponding 170 

function. In other words, DeepFRI predicts multiple functions for a protein simultaneously, 171 

along with their associated confidence levels. To compare the prediction performance of 172 

DeepFRI with our models, we calculated the cosine similarity between the output vectors for 173 

protein pairs, as described in [32]. This similarity measure was used to assess the plausibility 174 

that the two proteins have the same function. The pre-trained model was obtained from 175 

https://github.com/flatironinstitute/DeepFRI, and EC-number predictions were conducted 176 

using the PDB files of the model structures as input. 177 

 178 

2.6. Prediction with ESM-2 179 

The ESM-2 model [33] is a transformer-based protein language model [34] designed to 180 

generate numerical sequences from a protein’s amino acid sequence. It is pre-trained on the 181 

UniRef50 dataset, which comprises 3 million representative protein sequences [35]. The model 182 

outputs the hidden states of an input amino acid sequence of length 𝑛 as a sequence of 𝑑-183 

dimensional vectors (ℎ1, ⋯ , ℎ𝑛) (𝑑 = 1,280). The protein’s single representation is obtained 184 

by averaging these vectors, as follows: 185 

𝑒 =
1
𝑛

∑ ℎ𝑖

𝑛

𝑖=1

. 186 

The likelihood that a pair of proteins share the same function was assessed by calculating 187 

the cosine similarity between their averaged vectors. This approach is based on the premise 188 
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that proteins with similar sequences are likely to have similar functions. The pre-trained model 189 

used for this analysis was obtained from https://github.com/facebookresearch/esm (version 190 

esm2_t33_650M_UR50D). 191 

 192 

2.7. Feature importance 193 

2.7.1. Gini importance 194 

We calculated the Gini importance of each feature to assess its effectiveness in classification 195 

for our best model using the training sub-dataset [36]. 196 

 197 

2.7.2. Shapley additive explanations 198 

We performed a Shapley additive explanations (SHAP) analysis for our best model [37]. 199 

This involved calculating the Shapley value for each feature of every protein pair in the test 200 

sub-dataset to evaluate its contribution to the output value. The importance of each feature was 201 

determined by averaging the absolute Shapley value across the dataset. 202 

 203 

3. Results and discussion 204 

3.1 Data set construction and feature calculation 205 

To explore the relationship between sequence similarity and the probability of having 206 

identical functions, we analyzed the result from the initial BLAST searches conducted for each 207 

of the 225,323 full-length protein sequences with Rhea IDs against the Swiss-Prot protein 208 

.CC-BY-NC-ND 4.0 International licensemade available under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted October 2, 2024. ; https://doi.org/10.1101/2024.09.30.615718doi: bioRxiv preprint 

https://doi.org/10.1101/2024.09.30.615718
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

12 
 

sequence database. The plot showing the rate of protein pairs with identical functions as a 209 

function of their log10(E-value) reveals that more than 50% of protein pairs have identical 210 

functions when the E-value is less than 10−10 (Fig. 1). This finding supports a binary 211 

classification approach where if the E-value between a pair of proteins is below a certain 212 

threshold, the proteins are predicted to have identical functions. This prediction method is 213 

known as the E-value-based method. We assessed the performance of this method and 214 

compared it with the method described below. 215 

To achieve better prediction performance, we developed machine learning models that 216 

utilize both sequence and structural information to predict the functional identity of protein 217 

pairs. We constructed a dataset comprising 20,800 protein pairs with identical functions and 218 

20,800 protein pairs with different functions by selecting protein pairs with significant (E-value 219 

< 10) sequence similarities. It is important to note that even protein pairs with different 220 

functions can exhibit significant sequence similarities. Consequently, our prediction method 221 

does not target protein pairs with no sequence similarities, as these are typically functionally 222 

distinct. Each protein pair in the dataset was characterized by two full-length sequence 223 

similarity features (Full_Evalue and Full_SeqID), three domain structural similarity features 224 

(Dmn_TM, Dmn_RMSD, and Dmn_SeqID), and two pocket similarity features (Pckt_RMSD 225 

and Pckt_SeqID) (Table S1). We compared the distributions of these feature values between 226 

protein pairs with identical functions and those with different functions (Fig. S1). Overall, 227 
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protein pairs with identical functions exhibited better similarity scores (i.e., smaller 228 

Full_Evalue, Dmn_RMSD, and Pckt_RMSD, and larger Full_SeqID, Dmn_TM, Dmn_SeqID, 229 

and Pckt_SeqID) compared to pairs with different functions. This suggests that models trained 230 

with these features could enhance the accuracy of functional identity predictions. 231 

 232 

3.2 Model selection 233 

We developed machine learning models using the LightGBM, Random Forest, Decision 234 

Tree, AdaBoost, Logistic Regression, Linear Discriminant Analysis, K-Nearest Neighbors, 235 

Naïve Bayes, and Support-Vector Machine algorithms, and trained them with the training sub-236 

dataset. We employed Optuna to fine-tune the hyperparameters of each model using 5-fold 237 

cross validation on the validation sub-dataset to maximize the AUROC value [36]. We then 238 

compared the performance of these optimized models on the test sub-dataset (Table S2). The 239 

LightGBM-based model achieved the highest AUROC value, making it the best-performing 240 

model and the one selected for further analysis. 241 

 242 

3.3 Comparison with existing methods 243 

We compared the prediction performance of our LightGBM-based method with existing 244 

methods. Figures 2A and 2B display the ROC and PR curves of our LightGBM-based method, 245 

the E-value-based method, the ESM-2-based method, and the DeepFRI-based method. 246 
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Additional performance metrics are summarized in Table 1. The ROC curve of our method 247 

outperformed those of the existing methods, indicating superior performance. Consistently, the 248 

AUROC value of our method (0.9427) exceeded those of the other methods (E-value: 0.8890; 249 

DeepFRI: 0.8963; ESM-2: 0.7991) (Table 1). Similarly, the PR curve of our method also 250 

surpassed the others, yielding a higher AURP value (our method: 0.9413) compared to the 251 

other methods (E-value: 0.7767; DeepFRI: 0.9067; ESM-2: 0.8147) (Table 1). Our model also 252 

showed better results in terms of ACC, FPR, MCC, PRE, REC, and F1 scores than the other 253 

models, except for REC, where the E-value-based method (87.75%) slightly outperformed our 254 

method (87.05%) (Table 1). The ROC plot curve indicates a relationship between REC and 255 

FPR. The slightly better REC value of the E-value-based method came at the expense of a 256 

much worse FPR (23.92%) compared to our method (13.35%). Additionally, we evaluated 257 

functional identity prediction using the Pfam database [38] and compared its performance with 258 

our method (Table 1). Similar to the E-value-based method, Pfam showed a better REC but a 259 

much worse FPR (Table 1), highlighting that enzymes within the same family or superfamily 260 

do not always target the same substrate. Overall, our method demonstrated superior prediction 261 

performance compared to the existing methods. 262 

 263 
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3.4 Analysis of feature importance 264 

As previously mentioned, conventional machine learning models, including LightGBM, 265 

offer greater model interpretability compared to deep learning-based models. To assess the 266 

effectiveness of each feature in our model for classification, we calculated the Gini importance 267 

(Fig. 3A). Our analysis revealed that Dmn_SeqID was the most influential feature, followed 268 

by Full_Evalue, Full_SeqID, Dmn_RMSD, and Dmn_TM. We next performed the SHAP 269 

analysis to evaluate the impact of each feature on the prediction result (Fig. 3B) [37]. We found 270 

that Dmn_SeqID had the greatest average impact on predictions. Consistently, the Shapley 271 

values for Dmn_SeqID used in the SHAP analysis were better correlated with its feature values 272 

(i.e., Dmn_SeqID) than those for Full_Evalue (Fig. S2). Since Dmn_SeqID is derived from the 273 

structural alignment of domains, these results underscore the importance of structural similarity 274 

in predicting functional identity. 275 

 276 

3.5 Performance on low sequence similarity dataset 277 

We found that the Full_Evalue feature had the second highest Gini and SHAP importances 278 

(Fig. 3), indicating the significant role of full-length sequence similarity in function prediction. 279 

However, as noted earlier, the likelihood of identical functions drops below 50% when the E-280 

value of full-length sequences of a pair of proteins exceeds 10−10 (Fig. 1). This suggests that 281 

relying solely on E-values for pairs with values larger than 10−10 makes it challenging to 282 
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identify protein pairs with identical functions. To assess the performance of our method on 283 

such protein pairs, we created a new dataset and performed predictions on it. This new dataset, 284 

termed the low sequence similarity (LSS) dataset, includes protein pairs with E-values greater 285 

than 10−10 (comprising 680 pairs with identical functions and 680 pairs with different functions) 286 

and excludes protein pairs from the original dataset. Figures 4A and 4B present the ROC and 287 

PR curves of our method, the E-value-based method, the ESM-2-based method, and the 288 

DeepFRI-based method. As expected, the E-value-based method performed worse on the LSS 289 

dataset compared to the original test sub-dataset. The AUROC and AUPR values for the E-290 

value-based method on the LSS dataset were 0.7391 and 0.7101, which were lower than those 291 

of our model (AUROC: 0.8701; AUPR: 0.8793). Similarly, the AUROC and AUPR values for 292 

the ESM-2-based and DeepFRI-based methods were also lower than those of our model 293 

(AUROC of DeepFRI: 0.8205; ESM-2: 0.5225, AUPR of DeepFRI: 0.8322; ESM-2: 0.5362). 294 

As with the original test sub-dataset, Dmn_SeqID had the largest average impact on predictions 295 

for the LSS dataset (Fig. 4C). These results demonstrate the robustness of our method against 296 

protein pairs with low full-length similarity and underscore the importance of structural 297 

similarity in function prediction. 298 
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3.6 Limitations and perspectives 300 

In our method, the domains with the highest TM-score are selected from each protein pair 301 

to evaluate structural similarity. Consequently, if two proteins are predicted to have identical 302 

functions, this result does not mean that the domains chosen for structural comparison possess 303 

enzymatic activity. Other domains within the proteins may be responsible for the function. To 304 

address this issue, we plan to extend our method to include structural similarities among 305 

multiple domain pairs within a protein pair. 306 

To enhance the practical application of our method, we are currently developing a database 307 

that will store sequences, domain structures, and pocket-forming residues of all function-308 

known proteins. This database will enable us to predict the function of a protein by identifying 309 

other proteins with potentially identical functions. The output score of our method, which 310 

represents the confidence of the prediction, will allow us to rank hits by their confidence levels. 311 

Importantly, our method can also be applied to pairs of function-unknown proteins to predict 312 

their functional identities. Using our method, we can classify function-unknown proteins into 313 

clusters based on functional similarity, with the output score serving as an indicator of 314 

plausibility. This approach will help reduce the number of proteins requiring experimental 315 

functional determinations and contribute to elucidating the functions of previously 316 

uncharacterized proteins. 317 
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4. Conclusions 319 

In this study, we developed a LightGBM-based method to predict the functional identity of 320 

protein pairs by utilizing full-length sequence similarity as well as the structural similarities of 321 

domains and pocket-forming residues between the proteins. Our method demonstrated superior 322 

prediction performance compared to methods based solely on full-length sequence similarity 323 

and those using ESM-2 and DeepFRI. LightGBM offers an advantage in model interpretability 324 

over deep learning models such as ESM-2 and DeepFRI. Feature importance analyses, 325 

including Gini importance and SHAP analysis, revealed that domain sequence identity, derived 326 

from structural alignment, had the most significant impact on predictions. These findings 327 

highlight the crucial role of structural similarity in predicting protein function. 328 
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Tables 348 

 349 

Table 1. Comparison of prediction performance among LightGBM and existing methods. 350 

Methods 
ACC 

(%) 

PRE 

(%) 

REC 

(%) 
FPR (%) F1 MCC AUROC AUPR 

LightGB

M 
87.05 87.24 87.05 13.35 0.8728 0.7421 0.9427 0.9413 

E-value 81.91 78.58 87.75 23.92 0.8291 0.6427 0.8890 0.7767 

DeepFRI 80.88 79.77 83.16 21.45 0.8143 0.6790 0.8963 0.9067 

ESM2 71.33 68.39 79.33 36.67 0.7345 0.4321 0.7991 0.8147 

Pfam 61.99 56.92 98.60 74.62 0.7217 0.3520 – – 

 351 
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Figure legends 353 

Fig. 1. Plot of the rate of protein pairs with identical functions as a function of their log10(E-354 

value). The red dashed lines indicates that the rate is 50% at log10(E-value) = −10. 355 

 356 

Fig. 2. Model performance on the test sub-dataset. (A) Comparison of ROC curves for different 357 

methods, with the AUROC value for each method indicated in parenthesis. (B) Comparison of 358 

PR curves for different methods, with the AUPR value for each method indicated in parenthesis. 359 

 360 

Fig. 3. Comparisons of Gini importance calculated for the training sub-dataset (A) and mean 361 

absolute Shapley values calculated for the test sub-dataset (B) between features. 362 

 363 

Fig. 4. Model performance on the LSS dataset. (A) Comparison of ROC curves for different 364 

methods on the LSS dataset. (B) Comparison of PR curves for different methods on the LSS 365 

dataset. (C) Comparison of mean absolute Shapley values for features on the LSS dataset. 366 
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