
Supplementary Materials for TransFactor -
Prediction of pro-viral SARS-CoV-2 host factors
using a protein language model
Yang An ,1,2 Valter Bergant ,3,4 Samuele Firmani,1,2 Corinna Grünke,3

Batiste Bonnal,3 Alexander Henrici,3 Andreas Pichlmair ,3,5,6†

Benjamin Schubert 1,† and Annalisa Marsico1,†,∗

1Computational Health Center, Helmholtz Center Munich, Neuherberg 85764, Germany, 2School of

Computation, Information and Technology, Technical University of Munich, Munich, 80333 Germany,
3Institute of Virology, Technical University of Munich, Munich, 80333 Germany, 4Department of Molecular

Biology and Nanobiotechnology, National Institute of Chemistry, Ljubljana 1000, Slovenia, 5German Center

for Infection Research (DZIF), Munich Partner Site, Munich, 81675 Germany, 6Systems Virology, Helmholtz

Center Munich, Neuherberg, 85764 Germany and †equal contribution

∗Corresponding author. annalisa.marsico@helmholtz-munich.de

A. Supplementary Text

A.1. Baselines and ablation

To compare the performance of TransFactor, we created two baselines and two ablation models. First, we utilized a Support Vector

Machine (SVM) similar to TriPepSVM (Bressin et al., 2019) that takes as input 3-mers counts within a protein with overlap, represented

as a count vector, to classify protein sequences. We re-implemented TriPepSVM with its original linear kernel as well as a radial basis

kernel.

Second, a hybrid between Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) (Hochreiter, 1997) model

with an architecture similar to (Wu and Guo, 2024) was employed. The original architecture consists of two CNN blocks as feature

extractor and an LSTM to aggregate the features. The last hidden feature from the LSTM is passed into a linear layer with a sigmoid

activation function. We re-implemented the model to take in the same protein sequences representation as TransFactor up to sequence

length 1024, exchanged the position-specific scoring matrix input representation to a learned token embedding layer, and added ReLU

as activation after the CNN layer in each block. We further kept the number of CNN blocks tunable and ran the same hyperparameter

optimization protocol as for TransFactor for each split.

Lastly, we created two ablated versions of TransFactor. The first version, termed TF init BB, where the weights of the ESM-2

backbone were randomly initialized instead of loading pre-trained ESM-2 weights to study the effect of transfer learning. For this version,

two full hyperparameter optimization runs were performed on each split with differing model size ranges. The first run had capacities

between our used backbones ESM-2 t12 35M UR50D and ESM-2 t30 150M UR50D (embedding dimension between 480 and 640 and

number of layers between 12 and 30). As these sizes were prone to overfitting, we further ran hyperparameter optimization for smaller

models with embedding dimensions between 16 and 128, as well as the number of layers between 2 to 6. Since the best smaller models

slightly but consistently outperformed the bigger models on their corresponding validation set, we report only the performance of the

smaller models. Second, to study the effects of fine-tuning, we trained a version of TransFactor with a frozen ESM-2 backbone (TF frozen

BB), hence effectively only training the classification head on ESM-2 extracted embeddings. Here, we again followed our cross-validation

scheme and performed a hyperparameter optimization on each split.

Used hyperparameter sets can be found in Supp. Table 2-6.

© The Author . Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com 1

https://orcid.org/0000-0003-1225-3534
https://orcid.org/0000-0003-3458-9506
https://orcid.org/0000-0002-0166-1367
https://orcid.org/0000-0003-3412-1102
annalisa.marsico@helmholtz-munich.de


2 Yang An et al.

B. Tables

Supp. Table 1. Comparison of performance on the test set. First row for each model shows the average performance with a standard deviation of five

individual models, tuned and trained on five different folds. The second row shows the performance when taking the five models as an ensemble. In bold,

the best-performing model for each metric is highlighted. TF: TransFactor, BB: Backbone

model AUROC APS F1-score Precision Recall Precision@50 Precision@100 Precision@200

SVM (linear)
0.65±0.01 0.10±0.01 0.15±0.04 0.16±0.05 0.15±0.07 0.18±0.05 0.15±0.03 0.13±0.01

0.67 0.11 0.16 0.17 0.15 0.20 0.17 0.140

SVM (RBF)
0.74±0.01 0.13±0.02 0.19±0.03 0.19±0.02 0.20±0.06 0.20±0.03 0.19±0.01 0.15±0.01

0.74 0.14 0.21 0.20 0.23 0.24 0.20 0.160

CNN-LSTM hybrid
0.77±0.00 0.13±0.01 0.14±0.09 0.12±0.09 0.38±0.33 0.18±0.08 0.16±0.02 0.14±0.01

0.78 0.14 0.21 0.15 0.35 0.24 0.18 0.145

TF init BB
0.78±0.01 0.14±0.02 0.15±0.06 0.17±0.07 0.37±0.29 0.20±0.05 0.16±0.04 0.15±0.02

0.79 0.16 0.23 0.18 0.30 0.22 0.20 0.175

TF frozen BB
0.86±0.02 0.24±0.04 0.30±0.04 0.23±0.05 0.45±0.09 0.28±0.06 0.24±0.05 0.22±0.03

0.87 0.25 0.31 0.23 0.47 0.30 0.31 0.24

TF fine-tuned BB
0.87±0.01 0.27±0.01 0.25±0.12 0.40±0.34 0.39±0.27 0.37±0.03 0.32±0.02 0.26±0.01

0.89 0.30 0.38 0.34 0.44 0.44 0.37 0.275

Supp. Table 2. Hyperparameters of TransFactor model with best AUROC in the corresponding validation set.

split ESM-2 weights LoRA rank LoRA alpha LoRA dropout learning rate loss weight positive

0 facebook/esm2 t30 150M UR50D 16 8 0.25 0.00001 10

1 facebook/esm2 t30 150M UR50D 16 8 0.25 0.00001 10

2 facebook/esm2 t30 150M UR50D 16 8 0 0.00001 3.162278

3 facebook/esm2 t30 150M UR50D 16 8 0.25 0.00001 10

4 facebook/esm2 t12 35M UR50D 64 8 0.25 0.000018 1

Supp. Table 3. Hyperparameters of the ablated TransFactor model without pre-trained weights with best AUROC in the corresponding validation set.

split
Transformer

model dim

Transformer

intermediate dim

# Transformer

layer

# Attention

heads
learning rate loss weight positive

0 64 256 2 4 0.000056 3.162278

1 32 128 6 2 0.0001 10

2 128 512 4 8 0.000032 1

3 64 256 6 4 0.000056 1

4 32 128 2 2 0.000316 10

Supp. Table 4. Hyperparameters of the ablated TransFactor model with frozen ESM-2 with best AUROC in the corresponding validation set.

split ESM-2 weights learning rate loss weight positive

0 facebook/esm2 t30 150M UR50D 0.009914 10

1 facebook/esm2 t30 150M UR50D 0.006033 3.162278

2 facebook/esm2 t30 150M UR50D 0.001437 10

3 facebook/esm2 t30 150M UR50D 0.000544 3.162278

4 facebook/esm2 t12 35M UR50D 0.002384 10
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Supp. Table 5. Hyperparameters of CNN-LSTM hybrid model with the best AUROC in the corresponding validation set.

split
# CNN

filters

kernel

size

max pool

size
dropout

# CNN

blocks

LSTM

hidden size
learning rate

loss weight

positive

0 1024 3 2 0 6 1024 0.000001 10

1 256 3 2 0 6 1024 0.000032 1

2 512 9 2 0.1 5 1024 0.000003 10

3 1024 3 2 0.05 6 512 0.00001 10

4 256 3 2 0.025 5 512 0.000018 10

Supp. Table 6. Hyperparameters of kmer SVM models, ideal thresholds determined on the corresponding validation set.

kernel split C gamma ideal threshold

RBF 0 0.3 scale 0.166627

RBF 1 0.3 scale 0.146367

RBF 2 0.3 scale 0.161599

RBF 3 0.3 scale 0.145732

RBF 4 0.3 scale 0.156187

linear 0 0.3 scale 0.136454

linear 1 0.3 scale 0.123095

linear 2 0.3 scale 0.134025

linear 3 0.3 scale 0.124325

linear 4 0.3 scale 0.128834

Supp. Table 7. Classification performance of experimental screens taken from the review of Baggen et al. (2021b). Similar to our benchmark, proteins

were labeled as positives if they were functionally validated or detected in three or more studies, here without counting the study to be evaluated . The

performance on the full proteome is shown. The table is sorted from lowest to highest F1-score.

Reference F1 Precision Recall

Baggen et al. (2021a) 0.02 0.41 0.01

Wang et al. (2021) 0.02 0.60 0.01

Wei et al. (2021) 0.04 0.78 0.02

Biering et al. (2021) 0.04 0.20 0.02

Hoffmann et al. (2021) 0.04 1.00 0.02

Zhu et al. (2021) 0.05 0.96 0.02

Daniloski et al. (2021) 0.06 0.53 0.03

Rebendenne et al. (2022) 0.06 0.33 0.03

Schneider et al. (2021) 0.06 0.44 0.04

Schmidt et al. (2021) 0.11 0.88 0.06

Davies et al. (2020) 0.11 0.79 0.06

Lee et al. (2021) 0.11 0.84 0.06

Kamel et al. (2021) 0.13 0.76 0.07

Labeau et al. (2022) 0.13 0.88 0.07

Li et al. (2021) 0.15 0.53 0.09

Flynn et al. (2021) 0.21 0.51 0.13

Gordon et al. (2020) 0.22 0.62 0.14

Stukalov et al. (2021) 0.24 0.34 0.19

Laurent et al. (2020) 0.25 0.20 0.34

Samavarchi-Tehrani et al. (2020) 0.37 0.29 0.52

St-Germain et al. (2020) 0.40 0.67 0.29

Mean±Standard deviation 0.13±0.11 0.60±0.25 0.11±0.13



4 Yang An et al.

Supp. Table 8. Performance of the same trained TransFactor models with predictions on proteins truncated to different maximum sequence lengths. For

each truncated length, the first row reports the average performance and standard deviation across five individual models, each tuned and trained on

a different fold. The second row presents the performance of an ensemble constructed from these five models. The same models are used across both

truncated lengths; only the input differs.

Truncated length AUROC APS F1-score Precision Recall Precision@50 Precision@100 Precision@200

1024
0.87±0.01 0.27±0.01 0.25±0.12 0.40±0.34 0.39±0.27 0.37±0.03 0.32±0.02 0.26±0.01

0.89 0.30 0.38 0.34 0.44 0.44 0.37 0.28

2048
0.88±0.01 0.28±0.03 0.28±0.14 0.31±0.12 0.44±0.27 0.38±0.03 0.32±0.02 0.27±0.03

0.89 0.31 0.39 0.34 0.47 0.40 0.41 0.30

Supp. Table 9. Performance of TransFactor trained on SARS-CoV-2 host factors to predict SARS-CoV (N=612) (Stukalov et al., 2021) and HIV putative

host factors (N=368) (Montoya et al., 2023) without further fine-tuning. The same threshold τ as used for SARS-CoV-2 was applied to obtain binary

classes.

Pathogen AUROC APS F1 Precision Recall P@50 P@100 P@200

SARS-CoV 0.80 0.11 0.19 0.12 0.42 0.16 0.19 0.20

HIV 0.64 0.03 0.05 0.03 0.18 0.06 0.05 0.03
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C. Figures
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Supp Fig. 1: Related to Figure 2. The three functional studies from Baggen et al. (Flynn et al., Biering et al., Rebendenne et al.), with

the highest amount of identified candidate host factors, were compared in terms of gene-wise overlap as well as in terms of overlap of

enriched GO cellular compartment terms (reported by DAVID). Since these studies represent genome-wide screens, all human genes were

used as background for GO enrichment. Terms with FDR-adjusted p-value < 0.05 were considered significant. Genes and GO-terms only

significant in any one study are depicted as unique, while ones significant in two or more studies are considered shared.
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Supp Fig. 2: Distribution of proteins by cluster size. Clusters were defined using mmseqs. a) Histogram of proteins by cluster sizes. b)

Cumulative fraction of proteins belonging to cluster size.
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Supp Fig. 3: Purity of GO-terms within clusters defined by mmseqs. Proteins were annotated with their GO-term, and the fraction of

proteins containing the most abundant term within a cluster is calculated for a) Biological Process, b) Cellular Component c) Molecular

Function.
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Supp Fig. 4: Related to Fig. 3b-g. Computational alanine scans were performed using indicated amino acid window sizes for all positively

labeled proteins. (a) Domains, present more (black) or less or equal (grey) than 5 times in the positive samples, were used for the

depiction of ∆ŷAla distribution at indicated alanine scan window sizes. These distributions were further compared to the distribution

of ∆ŷAla across all positions at respective alanine scan window sizes. Statistical analysis was performed using the one-sided Wilcoxon

rank-sum test, and the obtained p-values were further FDR-adjusted. (b) Distribution of mean ∆ŷAla values within domains, present

more than 5 times in the positive sample set, is depicted at the indicated alanine scan window sizes. ∆ŷAla values for residues within

these domains were compared to ∆ŷAla across all scanned proteins using the one-sided Wilcoxon rank-sum test and alanine scan window

size of 40. Thus obtained p-values were further FDR-adjusted. *** p.adj < 0.001, ** p.adj < 0.01, * p.adj < 0.05, n.s. (not significant)

p.adj > 0.05.
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Supp Fig. 5: Related to Fig. 3j. Amino acid sequences of proteins COMMD1-10 were aligned using ClustalOmega ((Madeira et al., 2024)).

Top: 10-letter amino acid alphabet normalized entropy (0 indicates low conservation, 1 indicates high conservation) of the alignment.

Bottom: alanine scanning prediction values (ŷAla) were corrected according to the depicted alignment and plotted for the indicated

proteins (alanine scanning window size of 10).
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