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Abstract: Understanding clinical significance of variants of unknown significance (VUS) reported 

in next-generation sequencing (NGS) has become essential in cancer treatment. Our study examined 

six widely used in silico tools: PolyPhen-2, Align-GVGD, MutationTaster2, CADD, REVEL, and 

Chat-GPT. We utilized a dataset of gene variants known to potentially affect immune therapy. No 

single tool could comprehensively determine mutation variant pathogenicity. MutationTaster2021 

showed the highest overall accuracy and MCC among the tools. Notably, REVEL and Chat-GPT 

exhibited 100% specificity, suggesting their proficiency in accurately identifying pathogenic 

variants and minimizing false positives. In contrast, CADD displayed optimal sensitivity, making 

it suitable for effectively ruling out benign variants. 

Keywords: solid tumor; Artificial Intelligence; variant classification; pathogenicity; variants of 

uncertain significance  

 

Introduction 

Advancements in next-generation (NGS) sequencing technology have revealed a significant 

number of variants of unknown significance (VUS) in cancer, lacking a clear classification regarding 

their impact on cancer treatment [1]. With the integration of immunotherapy as a standard treatment, 

understanding the influence of these variants on immunotherapy outcomes has become increasingly 

imperative [2,3]. Numerous in silico tools have been developed to categorize these variants based on 

their pathogenicity and to provide insight into their clinical actionability [4–6]. This study evaluates 

the performance of six widely utilized in silico tools in predicting the pathogenicity of functional 

variants associated with differential immunotherapy outcome in cancer.  

The in silico tools evaluated in this study have been developed utilizing AI (artificial 

intelligence)-based algorithms to predict whether specific variants of certain genes contribute to 

disease pathogenicity. ACMG Standards and Guidelines recommends researchers to exercise caution 

when using these in silico tools to predict the classification of genetic variants, and there is no 

standard method of using these tools [7]. Generally, these tools are used to predict where a given 

sequence variant falls along the spectrum of benign to pathogenic in its phenotypic effect.  

It is suggested that the performance of the tools used to predict the pathogenicity of clinically 

actionable variants in solid tumor is not fully reliable. Further research needs to be done in order to 

increase the reliability of NGS in identifying the pathogenicity of clinically actionable variants. 
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Among the tools available, broadly, there are three different AI-based approaches. One approach 

uses evolutionary principles, classifying variants based on multiple sequence alignments, 

preservation of the amino acid in the protein of interest, and allele frequency. DANN [8], PrimateAI 

[9], and PANTHER [10] are examples of tools that utilize such methods. Another approach analyzes 

the influence of variants on protein properties including polarity, charge, genomic location in relation 

to functional regions, and 3-D structure, and thus the protein function. Tools that utilize protein-

structure/function analysis include iStable [11], SNPs&GO [12], and Mutpred2 [13]. Widely used in 

silico tools use a combined method for variant classification, as seen in PolyPhen-2 [14], Align-GVGD 

[15], and MutationTaster2021 [16]. For prediction of nsSNPs, recent advancements have begun to 

analyze changes in splice sites, chromatin effects, and patterns in regulatory motifs. Examples include 

DeepSEA [17], NetGene2 [18], and DanQ [19]. Meta-predictors including Revel [20], BayesDel [21], 

and CADD [22] integrate multiple classifiers and have outperformed traditional, individual in silico 

tools [23,24].  

Attaining information regarding the performance and accuracy of in silico tools is critical as 

accuracy of these metrics allow direct implications on clinical management of patients with VUS. 

While studies have demonstrated variable results for performance of in silico tools, recent studies 

present a need for further research in a clinical context [25,26]. Of note, accuracy of in silico tools have 

not been evaluated for variants that impact immunotherapy. The aim of this study is to analyze the 

performance of six in silico tools for predicting the pathogenicity of 160 missense variants of immune-

related genes associated with immunotherapy outcomes for solid tumors.  

Materials and Methods 

Variant Selection 

We selected genes of interest for evaluation by conducting a literature search on PubMed. Our 

criteria for inclusion were genes that had evidence of clinical or preclinical significance in influencing 

immunotherapy response. The initial data set comprised 180 variants of POLE, STK11, PTEN, 

KEAP1, SMAD4, SMARC4, TP53, PTEN, and CDKN2A genes. Pathogenic variants were included 

based on a confirmed number of at least two annotations that specifically indicated pathogenicity in 

OncoKB, Cancer hotspots, CIViC, AACR Project GENIE and My Cancer Genome [27], MCG; 

mycancergenome.org]. The top ten variants with the highest frequencies were compared with 

ClinVar. Benign variants were curated with the same inclusion criteria and ClinVar assertion. Genes 

without 10 variants that had at least two annotations required variants with one annotation to be 

included based on their order listed in cBioPortal database. These sources were used to define a true 

classification for the variants in our dataset. A final dataset of 160 pathogenic (n=80) and benign 

(n=80) NSCLC variants was used for analysis.  

In Silico Classification Tool Selection 

Chat-GPT; PolyPhen-2 [14], Align-GVGD [15], MutationTaster2021 [16], CADD [23], and REVEL 

[20] were the in silico classification tools evaluated in this study. These tools except Chat-GPT were 

selected primarily based on inclusion in the ACMG Standard and Guidelines [6] and common use 

based on literature reviews. CADD and REVEL are meta-predictors that incorporate a combination 

of individual scores to classify variants, while Chat-GTP;Polyphen-2, Align-GVGD, and 

MutationTaster2021 are individual tools for pathogenicity prediction. CADD combines 60 distinct 

annotations including Ensembl Variant Effect Predictor (VEP), phyloP, phastCons, GERP++, 

Grantham, SIFT and Polyphen-2. REVEL integrates scores from MutPred. FATHMM v2.3, VEST 3.0, 

PolyPhen-2, SIFT, PROVEAN, MutationAssessor, MutationTaster, LFT, GERP++, SiPhy, phyloP, and 

phastCOns–included in this study based on its exceptional performance in a recent study by Tian et 

al. [28]. MutationTaster2021, the latest update to MutationTaster, was employed for this study due to 

its improved prediction model that attains higher accuracy [16].  

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 March 2024                   doi:10.20944/preprints202403.1496.v1



 3 

 

Parameter Setting 

Default thresholds suggested by tools’ authors were implemented for classification of variants. 

Tools determining pathogenicity that present numerical scores were differentiated as score <0.05 for 

Polyphen-2, ≥C35 for Align-GVGD, >15 for CADD, and >0.05 for REVEL. MutationTaster provided 

categorical outputs for classified variants represented as Deleterious, Deleterious (ClinVar), Benign, 

or Benign (auto).  

Evaluation of Performance 

Each in silico tool classified each missense variant in the final dataset. True positive (TP) results 

refer to the correct prediction of pathogenicity, and true negative (TN) results refer to the correct 

prediction of benign variants. These were defined in our final dataset using the criteria 

aforementioned. The following measures were obtained for each tool: overall accuracy (OA = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
), sensitivity (Sn = 

𝑇𝑃

𝑇𝑃+𝐹𝑁
), specificity (Sp = 

𝑇𝑁

𝑇𝑁+𝐹𝑃
), and Matthews correlation coefficient 

(MCC = 
𝑇𝑃×𝑇𝑁−𝐹𝑃×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
) were calculated.  

Sensitivity (true positive rate) measured the ability of each in silico tool to account for true 

pathogenic variants. Specificity (true negative rate) was reflective of each tool’s ability to account for 

true benign variants. Some results were excluded from the study and recorded as errors due to 

reasons including yielding error in calling predictions and conflicting predictions within the same 

tool. MCC contributed a metric for fair comparison between different sample sizes per tool and the 

disproportionate samples between pathogenic and benign variants in the dataset. MCC values range 

from -1 (always false) to +1 (always correct), with a value of 0 indicating total random classification.  

A quality check was performed for variants yielding no results, “error” results, or had conflicting 

interpretations within the same tool. An additional 10 variants were randomly selected for quality 

check and analyzed using each in silico tool. All variants were assessed again for PolyPhen-2 

(HumDiv) and PolyPhen-2 (HumVar) due to discrepancies identified in the randomized quality 

check. 

Characteristics of Selected Variants  

The final dataset of 160 variants (80 pathogenic, 80 benign) was generated by removing variants 

with algorithmic interpretation errors or conflict. Notably, the number of variants for SMARCA4 and 

KEAP1 was fewer compared to other genes, due to a lack of references regarding their pathogenicity 

and errors in the computational tools. We selected pathogenic variants by focusing on single 

nucleotide variants with high frequencies for each gene in Cbioportal AACR genie. The same method 

was used to select benign variants.  

Result  

Overall Performance 

The overall performances of the in silico tools are highlighted in Table 1. To assess the overall 

performance of each algorithm, we examined metrics including accuracy, sensitivity, specificity, PPV, 

NPV, and MCC using the 160 variants from our study. Out of the tools assessed, Mutation Taster 

2021 displayed the best accuracy (0.83) and MCC (0.69). On the other hand, Align-GVGD reported 

the least accuracy (0.52) and the lowest MCC (0.06), while other tools recorded scores between 0.36 

and 0.69. Interestingly, both Chat-GPT and REVEL had a perfect specificity and positive predictive 

value but lagged in negative predictive value, scoring 0.22. Conversely, CADD had the highest 

sensitivity and negative predictive value, both at 1.00, but its specificity was the lowest at 27.50%. 

Out of 8 genes, REVEL showed highest accuracy in 6 genes (STK11, TP53, PTEN, POLE, EZH2, 

CDKN2A).  
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Table 1. Integrated Gene Analysis. We have calculated six indicators (sensitivity, specificity, positive 

predictive value, negative predictive value, Matthew's correlation coefficient, overall accuracy) using 

the entire variants of all genes as samples, and displayed them in this table. 

 Polyphen-

HumDiv 

CADD Mutation 

Taster 

2021 

Align-

GVGD 

REVEL Chat-GPT 

Sensitivity 86.25 100.00 93.75 28.75 22.50 22.50 

Specificity 73.75 27.50 73.75 76.25 100.00 100.00 

Positive 

Predictive 

Value 

76.67 57.97 78.13 54.76 100.00 100.00 

Negative 

Predictive 

Value 

84.29 100.00 92.19 51.69 56.34 56.34 

MCC 0.60 0.40 0.69 0.06 0.36 0.36 

Overall 

accuracy 

80.00 63.75 83.75 52.50 61.25 61.25 

Single-Gene Analysis 

<TP53> 

Mutation Taster 2021, Chat-GPT, and Polyphen showed the highest accuracy (90%). Align-

GVGD and Chat-GPT demonstrated 100% specificity. (Figure 1, Table 2) 

Table 2. Single Gene Analysis. We have separately calculated six indicators (sensitivity, specificity, 

positive predictive value, negative predictive value, Matthew's correlation coefficient, overall 

accuracy) to evaluate each gene and have recorded their respective values in this table. 

 

TP53 

 Polyphen-

HumDiv 

CADD REVEL Chat-

GPT 

Mutation 

Taster 2021 

Align-

GVGD 

Sensitivity 100 100 70 80 100 0 

Specificity 80 60 50 100 80 100 

Positive 

Predictive 

Value 

83.3 71.43 58.33 100 83.3 N/A 
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Negative 

Predictive 

Value 

100 100 62.5 83.3 100 50 

MCC 0.82 0.65 0.2 0.82 0.82 N/A 

Overall 

accuracy 

90 80 60 90 90 50 

 

STK11 

Sensitivity 100 100 100 0 100 90 

Specificity 70 30 80 100 50 50 

Positive 

Predictive 

Value 76.92 58.82 83.33 N/A 66.67 64.29 

Negative 

Predictive 

Value 100 100 100 50 100 83.33 

MCC 0.73 0.42 0.82 N/A 0.58 0.44 

Overall 

accuracy 85 65 90 50 75 70 

 

SMARCA4 

Sensitivity 71.43 100 71.43 0 71.43 100 

Specificity 42.86 14.29 71.43 100 71.43 28.57 

Positive 

Predictive 

Value 55.56 53.85 71.43 N/A 71.43 58.33 

Negative 

Predictive 

Value 60 100 71.43 50 71.43 100 

MCC 0.15 0.28 71.43 N/A 71.43 0.41 

Overall 

accuracy 57.14 57.14 0.43 50 0.43 64.29 

SMAD4 

Sensitivity 100 100 100 10 100 30 

Specificity 70 0 70 100 60 40 

Positive 

Predictive 

Value 

76.92 50 76.92 100 71.43 33.33 

Negative 

Predictive 

Value 

100 N/A 100 52.63 100 36.36 
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MCC 0.73 N/A 0.73 0.23 0.65 -0.3 

Overall 

accuracy 

85 50 85 55 80 35 

 

PTEN 

Sensitivity 100 100 100 0 100 0 

Specificity 90 30 100 100 100 100 

Positive 

Predictive 

Value 90.91 58.82 100 N/A 100 N/A 

Negative 

Predictive 

Value 100 100 100 50 100 50 

MCC 0.9 0.42 1 N/A 1 N/A 

Overall 

accuracy 95 65 100 50 100 50 

POLE 

Sensitivity 80 100 80 20 80 0 

Specificity 70 30 100 100 100 100 

Positive 

Predictive 

Value 72.73 58.82 100 100 100 N/A 

Negative 

Predictive 

Value 77.78 100 83.33 55.56 83.33 50 

MCC 0.5 0.42 0.82 0.33 0.82 N/A 

Overall 

accuracy 75 65 90 60 90 50 

EZH2 

Sensitivity 40 100 100 0 100 0 

Specificity 90 0 100 100 100 100 

Positive 

Predictive 

Value 80 50 100 N/A 100 N/A 

Negative 

Predictive 

Value 60 N/A 100 50 100 50 

MCC 0.35 N/A 1 N/A 1 N/A 

Overall 

accuracy 65 50 100 50 100 50 
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CDKN2A 

Sensitivity 90 100 90 60 100 10 

Specificity 70 60 100 100 30 100 

Positive 

Predictive 

Value 75 71.43 100 100 58.82 100 

Negative 

Predictive 

Value 87.5 100 90.91 71.43 100 52.63 

MCC 0.61 0.65 0.9 0.65 0.42 0.23 

Overall 

accuracy 80 80 95 80 65 55 

 

Figure 1. Single-gene analysis in graphics. 

<PTEN> 

Mutation Taster 2021 and REVEL showed 100% accuracy. All the tools except Chat-GPT and 

Ailgn-GVGD demonstrated 100% sensitivity for PTEN variants. Chat-GPT and Align-GVGD showed 

100% specificity. (Figure 1, Table 2) 
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<SMARCA4> 

100% sensitivity was shown for CADD and Align-GVGD. Notably, Chat-GPT showed 100% 

specificity. (Figure 1, Table 2) 

<SMAD4> 

All the tools except Chat-GPT and Ailgn-GVGD demonstrated 100% sensitivity for SMAD4 

variants. Chat-GPT and Align-GVGD showed 100% specificity. (Figure 1, Table 2) 

<KEAP1> 

Study only included 3 variants in KEAP1 gene due to insufficient number of references on 

Clinvar and Cbioportal. (Figure 1, Table 2) 

<STK11> 

Polyphen, CADD, REVEL and Mutation Tater had sensitivity of 100%. REVEL and Mutation 

Taster 2021 showed 100% Accuracy. (Figure 1, Table 2) 

<POLE> 

REVEL, Chat-GPT, Mutation Taster 2021, and Align-GVGD performed with 100% specificity. 

CADD showed 100% sensitivity. (Figure 1, Table 2) 

<EZH2> 

REVEL and Mutation Taster 2021 showed 100% Accuracy while Chat-GPT showed 100% 

specificity. (Figure 1, Table 2) 

<CDKN2A> 

CADD and Mutation Taster 2021 showed 100% sensitivity. 100% specificity was shown in 

REVEL and Chat-GPT. REVEL showed the highest accuracy of 95% (Figure 1, Table 2) 

In this study, we analyzed the performance of 6 in-silico tools including Chat-GPT for 

determining the pathogenicity of 160 unidentified missense variants present in immune-related 

genes associated with immunotherapy outcomes for solid tumors. To the best of our understanding, 

it is the first study to evaluate the potential clinical impacts of in-silico tools in the field of immuno-

oncology. Furthermore, we integrated Chat-GPT into our in-silico toolkit, leveraging its capabilities 

for extensive analysis.  

Single Algorithm Predictors: Polyphen-HumDiv, CADD, Mutation Taster 2021, Align-GVGD 

Interestingly, CADD, MutationTaster 2021, and Polyphen-HumDiv showcased potential to 

identify non-pathogenic variants with sensitivity values of 1.00, 0.9375, and 0.8625, and negative 

predictive values of 1.00, 0.9219, and 0.8429, respectively. Polyphen-HumDiv and MutationTaster 

2021 obtained high score for specificity and positive predictive value as well. Their specificities of 

0.7375 and positive predictive value of 0.7667 and 0.7813 respectively were comparably higher than 

those for CADD. Previous studies agree with these findings. In past studies, PolyPhen-2 version 

demonstrated high sensitivity and specificity values, with one study presenting 100% sensitivity in 

prediction of pathogenicity of BRCA2 variants [29,30]. In other studies, MutationTaster 2021 

performed exceptionally well in identifying pathogenicity and was ranked with better accuracy for 

sensitivity and specificity compared to PolyPhen2, which concur with aforementioned data [31,32]. 

Moreover, while CADD performs exceptionally well in ruling out benign ones, it may not be the 

best at identifying pathogenic variants. CADD's superior performance to identify nonpathogenic 

variants due to its large training set was explained in previous studies [33]. Furthermore, past studies 

also are consistent with CADD’s limitations. In one study, an unknown proportion of proxy-

deleterious variants were concluded as neutral, indicating probable low positive rate. Another study 

concluded that CADD had the lowest specificity relative to other in silico tools [34].  

Align-GVGD had the lowest overall accuracy of 0.5250 of the six predictors evaluated. It is worth 

mentioning that our findings resonate with a prior study which also underscored the subpar 

performance of Align-GVGD in comparison to other predictors, though they stand in opposition to 

the conclusions drawn in other research [26,27]. Some studies indicated high sensitivity, compared 

to one study that suggested significantly low sensitivity with greatest variability in Align-GVGD 

compared to PolyPhen-2 and SIFT [35–37]. Further study may provide more solid evidence on these 

tools’ performances to identify pathogenic and benign variants relative to each other.  
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Meta-Predictor: REVEL 

Our investigation revealed the compelling performance of REVEL, demonstrating high 

specificity and PPV. This indicates its ability to minimize the likelihood of misclassifying pathogenic 

variants. REVEL surpassed all other meta-predictors, correctly identifying the variants as disease-

causing with a high level of accuracy. This result is consistent with previous studies as REVEL utilizes 

an optimized amalgamation of 13 distinct in silico tools, trained using newly identified pathogenic 

and rare neutral missense variants [38–40]. However, certain disparities emerged in terms of REVEL's 

overall accuracy in our findings, compared to another study. While previous investigations have 

consistently shown REVEL's highest overall performance over tools including for CADD, our result 

suggests that REVEL might not be as accurate in predicting pathogenesis of the specific genes in this 

study.  

Furthermore, another study indicated that REVEL exhibited its ability to predict gain of function 

(GoF) variants with greater accuracy than loss of function (LoF), which was manifested by 98% of 

LoF and 100% of GoF meeting the recommended REVEL threshold of 0.5 for pathogenicity [41]. 

Therefore, further investigation in the distinctive attributes of these mechanisms and their influence 

on REVEL’s predictions could provide invaluable insights for enhancing the precision of its 

predictive functionalities. 

Generative AI: Chat-GPT 

Chat-GPT is a relatively recent chatbot that was developed using a huge amount of textual data 

from the internet. The evaluation of ChatGPT among other tools in this study carries significance, as 

this is the first study to use ChatGPT for variant classification. In our study, Chat-GPT demonstrated 

perfect specificity and PPV, both attaining a score of 1.00; however, the model displayed a lower 

sensitivity of 0.2250 and NPV of 0.5634. This indicates that ChatGPT may erroneously classify some 

certain pathogenic variants as benign, yet underscores its usefulness in confirming the pathogenicity 

of variants categorized as of unknown significance. This result highlights the ability of ChatGPT to 

assist in the identification of potentially pathogenic genetic changes.  

Although Chat-GPT, originally a language model, was not intended for the assessment of 

variant classification, its impressive performance in this research opens up a new possibility. The 

generative AI’s ability to exclude certain pathogenic variants as benign and confirm the pathogenicity 

of VUS showcases its utility in the field of molecular genetics. It also suggests the possibility of more 

machine learning models being trained to predict the pathogenicity of genetic variants, perhaps with 

superior sensitivity and specificity. Further research needs to be done to fully assess the clinical 

applicability of ChatGPT in variant classification.  

Limitations 

Several variants were omitted from our study due to limitations in certain algorithms' 

assessment capabilities. Errors in variant assessment may arise from a variety of reasons. Tools are 

often limited in the types of mutations they can evaluate. 

While prediction software commonly utilizes machine-learning algorithms and is validated with 

variants from public databases including ExAC/gnomAD, ClinVar10, and SwissProt21, inherent 

biases from standardized datasets can lead to overfitting and false concordance. It has been 

previously shown that prediction algorithms have variable performance when applied to different 

datasets. Therefore the use of variant datasets derived from online public databases may not be 

representative of the performance of tools when applied in a clinical setting. 

Variant predictors frequently rely on diverse external data, necessitating cross-referencing gene 

identifiers across databases. For example, for Mutation Taster, external data sometimes draws from 

NCBI and at other times from Ensembl; both are essential for pathogenicity predictions in Mutation 

Taster. This dichotomy can introduce assessment errors.  

Our study also encounters certain limitations owing to the varied update timelines of each tool 

involved. The Chat-GPT tool received its latest update in September 2021. Meanwhile, The 
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MutationTaster2021, which was launched on 07/02/2021, serves as a recent upgrade to the preceding 

MutationTaster2, and is claimed to exhibit enhanced accuracy compared to its predecessor, according 

to its developers [16]. On the other hand, as mentioned on their official website, Align-GVGD has not 

been updated since September 8, 2014. 

Our study focused primarily on missense mutations. Some in silico tools are capable of 

analyzing mutations beyond missense mutations - DANN and DeepSEA. Presently, no algorithm can 

evaluate all mutation classes, highlighting the need for a versatile in silico tool that accurately 

classifies pathogenicity across different mutation types. 

Conclusion 

Despite its limitations, our study offers insights that have the potential to shape the future of 

immunotherapy. To begin with, our research stands out due to its exclusive focus on missense 

mutations within immunotherapy-related genes. Moreover, our study provides evidence regarding 

the accuracy of in silico tools in assessing the pathogenicity of variants classified as of unknown 

significance (VUS). In the evaluation, MutationTaster2021 surpassed CADD, Align-GVGD, REVEL, 

and Chat-GPT in terms of overall precision, negative predictive valuation, and Matthew's Correlation 

Coefficient. Conversely, when focusing on the analysis of individual genes, depicted in Table 2 and 

Figure 1, REVEL emerged as the most accurate tool in predicting six out of the eight scrutinized genes 

(STK11, SMAD4, PTEN, POLE, EZH2, CDKN2A). In stark contrast, Align-GVGD lagged, recording 

the lowest efficacy both generally and in six out of the eight analyzed genes (TP53, SMARCA4, 

SMAD4, PTEN, POLE, EZH2, CDKN2A). Furthermore, our study introduces an innovative 

application of ChatGPT in variant classification, introducing its potential role in aiding 

immunotherapy efforts. Our findings indicate that ChatGPT achieves notable specificity and positive 

predictive value (PPV). Consequently, we can suggest which tools to employ when confirming or 

ruling out the pathogenicity of VUS. ChatGPT excels in confirming positive results, while CADD 

proves valuable in affirming negative outcomes. In conclusion, our study suggests that utilizing in 

silico algorithms can aid in making treatment decisions including in the field of immuno-oncology. 

Data Availability: The data generated in this study are available upon request from the corresponding author. 
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