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 15 

Abstract 16 

The emergence of SARS-CoV-2 variants stressed the demand for tools allowing to interpret the effect 17 

of single amino acid variants (SAVs) on protein function. While Deep Mutational Scanning (DMS) 18 

sets continue to expand our understanding of the mutational landscape of single proteins, the results 19 

continue to challenge analyses. Protein Language Models (LMs) use the latest deep learning (DL) 20 

algorithms to leverage growing databases of protein sequences. These methods learn to predict 21 

missing or marked amino acids from the context of entire sequence regions. Here, we explored how 22 

to benefit from learned protein LM representations (embeddings) to predict SAV effects. Although 23 

we have failed so far to predict SAV effects directly from embeddings, this input alone predicted 24 

residue conservation almost as accurately from single sequences as using multiple sequence 25 

alignments (MSAs) with a two-state per-residue accuracy (conserved/not) of Q2=80% (embeddings) 26 

vs. 81% (ConSeq). Considering all SAVs at all residue positions predicted as conserved to affect 27 

function reached 68.6% (Q2: effect/neutral; for PMD) without optimization, compared to an expert 28 

solution such as SNAP2 (Q2=69.8). Combining predicted conservation with BLOSUM62 to obtain 29 

variant-specific binary predictions, DMS experiments of four human proteins were predicted better 30 

than by SNAP2, and better than by applying the same simplistic approach to conservation taken from 31 

ConSeq. Thus, embedding methods have become competitive with methods relying on MSAs for 32 

SAV effect prediction at a fraction of the costs in computing/energy. This allowed prediction of SAV 33 

effects for the entire human proteome (~20k proteins) within 17 minutes on a single GPU. 34 

 35 

 36 

Key words: Mutation effect prediction, conservation prediction, SAV analysis, language model  37 

Abbreviations used: AUC, Area under the curve; CNN, convolutional neural network; DL, Deep 38 

Learning; DMS, deep mutational scanning; FNN, feed forward neural network; GoF, gain of function 39 

SAV; LoF, loss of function SAV; LM, Language Model; LR, logistic regression; MAVE, Multiplexed 40 

Assays of Variant Effect; MCC, Matthews correlation coefficient; ML, machine learning; MSA, 41 
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multiple sequence alignments; LM, Language Model; NLP, natural language processing; PDB, Protein 1 

Data Bank; ROC, Receiver operating characteristic; SAV, single amino-acid variant (also known as 2 

SAAV or nsSNP, or missense mutation/variant); SSD, Solid State Drive;  3 
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Introduction 1 

Many different resources capturing SAV effects. Mutations in the Spike (S) surface protein of SARS-2 

CoV-2 have widened the attention to the complex issue of protein variant effects (Korber et al. 2020; 3 

Laha et al. 2020; Mercatelli and Giorgi 2020; O’Donoghue et al. 2020). The ability to distinguish 4 

between beneficial (=gain of function, GoF), deleterious (=loss of function, LoF) and neutral single 5 

amino acid variants (SAVs; also referred to as SAAV, missense mutations, or non-synonymous Single 6 

Nucleotide Variants: nsSNVs) is a key aspect of understanding how SAVs affect proteins (Adzhubei 7 

et al. 2010; Bromberg and Rost 2007, 2009; Ng and Henikoff 2003; Studer et al. 2013; Wang and Moult 8 

2001). Recently, an unprecedented amount of in vitro data describing the quantitative effects of SAVs 9 

on protein function has been produced through Multiplexed Assays of Variant Effect (MAVEs), such 10 

as deep mutational scans (DMS) (Fowler and Fields 2014; Weile and Roth 2018). However, a 11 

comprehensive atlas of in vitro variant effects for the entire human proteome still remains out of 12 

reach (AVE Alliance Founding Members 2020). Yet, even with a complete picture, intrinsic problems 13 

will remain: (1) False positives (FP): in vitro data capture SAV effects upon molecular function much 14 

better than those upon biological processes, e.g., disease implications may be covered in databases 15 

such as OMIM (Amberger et al. 2019), but not in MaveDB (Esposito et al. 2019). (2) False negatives 16 

(FN): The vast majority of proteins have several structural domains (Liu and Rost 2004), hence most 17 

are likely to have several different molecular functions. However, each experimental assay tends to 18 

measure the impact upon only one of those functions. (3) FP & FN: In vivo protein function might 19 

be impacted in several ways not reproducible by in vitro assays.  20 

 21 

Evolutionary information from MSAs most important to predict SAV effects. Many in silico methods 22 

try to narrow the gap between known sequences and unknown SAV effects; these include (by 23 

original publication date): MutationTaster (Schwarz et al. 2010), PolyPhen2 (Adzhubei et al. 2010), 24 

SIFT (Sim et al. 2012), SNAP2 (Hecht et al. 2015), Evolutionary Action (Katsonis and Lichtarge 2014), 25 

CADD (Kircher et al. 2014), Envision (Gray et al. 2018), DeepSequence (Riesselman et al. 2018), and 26 

methods predicting rheostat positions susceptible to gradual effects (Miller et al. 2017). Of these only 27 

Envision and DeepSequence used DMS for development. Most others trained on sparsely annotated 28 

data sets such as disease-causing SAVs from OMIM (Amberger et al. 2019; McKusick-Nathans 29 

Institute of Genetic Medicine 2021), or from databases such as PMD (Kawabata et al. 1999; Nishikawa 30 

et al. 1994). While only some methods use sophisticated machine learning (ML) algorithms, almost 31 

all rely on evolutionary information derived from multiple sequence alignments (MSAs) to predict 32 

variant effect. The combination of evolutionary information and machine learning has long been 33 

established as backbone of computational biology (Rost and Sander 1993), now even allowing 34 

AlphaFold2 to predict protein structure at unprecedented levels of accuracy (Callaway 2020; Jumper 35 

et al. 2021). Nevertheless, for almost no other task is evolutionary information as crucial as for SAV 36 

effect prediction. Although different sources of information matter as input, when MSAs are 37 

available, they trump all other features (Hecht et al. 2015). Even models building on the simplest 38 

evolutionary information, e.g., the BLOSUM62 matrix condensing both biophysical constraints into 39 

a 20x20 substitution matrix (Ng and Henikoff 2003), or a simple conservation weight (Reeb et al. 40 

2020) reach amazingly close to much more advanced methods.  41 

 42 

Embeddings capture language of life written in proteins. Every year algorithms improve natural 43 

language processing (NLP), in particular by feeding large text corpora into Deep Learning (DL) based 44 
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Language Models (LMs). These advances have been transferred to protein sequences by learning to 1 

predict masked or missing amino acids using large databases of raw protein sequences as input (Alley 2 

et al. 2019; Elnaggar et al. 2021; Heinzinger et al. 2019; Rao et al. 2020; Rives et al. 2021). Processing 3 

the information learned by such protein LMs, e.g. by constructing 1024-dimensional vectors of the 4 

last hidden layers, yields a representation of protein sequences referred to as embeddings (Fig. 1 in 5 

(Elnaggar et al. 2021)). Embeddings have been used successfully as exclusive input to predicting 6 

secondary structure and subcellular localization at performance levels almost reaching (Alley et al. 7 

2019; Heinzinger et al. 2019; Rives et al. 2021) or even exceeding (Elnaggar et al. 2021; Stärk et al. 8 

2021) state-of-the-art methods using evolutionary information from MSAs as input. Embeddings can 9 

even substitute sequence similarity for homology-based annotation transfer (Littmann et al. 2021a; 10 

Littmann et al. 2021b). The power of such embeddings has been increasing with the advance of 11 

algorithms (Elnaggar et al. 2021). Naturally, there will be some limit to such improvements. However, 12 

the advances over the last months prove that this limit had not been reached by the end of 2020.  13 

 14 

Here, we analyzed ways of using embeddings from protein LMs to predict the effect of SAVs upon 15 

protein function with a focus on molecular function, using experimental data from DMS and PMD. 16 

Although these embeddings resulted from models trained on predicting the wild-type amino acid in 17 

a sequence, at least the simple versions that we exploited failed to meaningfully capture SAV effects. 18 

Nevertheless, embeddings captured the signal for which residues were observed to be conserved 19 

without using MSA information; this enabled predicting conservation from single sequences 20 

(through a CNN). The prediction of residue conservation, in turn, enabled to predict SAV effects 21 

(equating conserved with effect). The resulting novel method was competitive with more advanced 22 

solutions at a fraction of the computational/environmental costs. 23 
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Methods 1 

Data sets. ConSuf10k assessed conservation: The method predicting residue conservation used 2 

ConSurf-DB (Ben Chorin et al. 2020). This resource provided sequences and conservation for 89,673 3 

proteins. For all, experimental high-resolution three-dimensional (3D) structures were available in 4 

the Protein Data Bank (PDB) (Berman et al. 2000). The ConSurf conservation scores ranged from 1 5 

(most variable) to 9 (most conserved). The PISCES server (Wang and Dunbrack 2003) was used to 6 

redundancy reduce the data set such that no pair of proteins had more than 25% pairwise sequence 7 

identity. We removed proteins with resolutions >2.5Å, those shorter than 40 residues, and those 8 

longer than 10,000 residues. The resulting data set (ConSurf10k) with 10,507 proteins (or domains) 9 

was randomly partitioned into training (9,392 sequences), cross-training/validation (555) and test 10 

(519) sets.  11 

PMD4k assessed SAV effects. From the SNAP2 development set (Hecht et al. 2015), we 12 

extracted annotations from PMD (“no change” as “neutral”; annotations with any level of increase or 13 

decrease in function as “effect”). This yielded 51,817 binary annotated SAVs (neutral: 13,638, effect: 14 

38,179) in 4,061 proteins. 15 

DMS4 sampled large-scale DMS in vitro experiments annotating SAV effects. This set 16 

contained binary classifications (effect/non-effect) for four human proteins (corresponding genes: 17 

BRAC1, PTEN, TPMT, PPARG) taken from a recent analysis (Reeb 2020). These were selected as 18 

they were the first proteins with comprehensive DMS experiments including synonymous variants 19 

(needed to map from continuous effect scores to binary effect vs. neutral) resulting in 15,621 SAV 20 

annotations (Findlay et al. 2018; Majithia et al. 2016; Matreyek et al. 2018). SAVs with beneficial 21 

effect (=gain of function) were excluded because they disagree between experiments (Reeb et al. 22 

2020). The continuous effect scores of the four DMS experiments were mapped to binary values 23 

(effect/neutral) by considering the 95% interval around the mean of all experimental measurements 24 

as neutral, and the 5% tails of the distribution as “effect”, as described in more detail elsewhere (Reeb 25 

et al. 2020). In total, the set had 11,788 neutral SAVs and 3,516 deleterious effect SAVs. Additionally, 26 

we used two other thresholds: the 90% interval from mean (8,926 neutral vs. 4,545 effect) and the 27 

99% interval from mean (13,506 neutral vs. 1,548 SAVs effect). 28 

 29 

Input features. All newly developed prediction methods exclusively used embeddings from pre-30 

trained protein LMs, namely from ProtBert (Elnaggar et al. 2021) based on the NLP (Natural 31 

Language Processing) algorithm BERT (Devlin et al. 2019) trained on the BFD database with over 2.3 32 

million protein sequences (Steinegger and Söding 2018), and ProtT5-XL-U50 (Elnaggar et al. 2021) 33 

(for simplicity referred to as ProtT5) based on the NLP method T5 (Raffel et al. 2020) trained on BFD 34 

and fine-tuned on Uniref50 (The UniProt Consortium 2021). All embeddings were obtained from the 35 

bio_embeddings pipeline (Dallago et al. 2021). The per-residue embeddings were extracted from the 36 

last hidden layer of the models with size 1024×L, where L is the length of the protein sequence and 37 

1024 is the size of the embedding space of ProtBert and ProtT5.  38 

 39 

Predict conservation (ProtT5cons, Fig. 1A). Using ProtBert/ProtT5 embeddings as input (Fig. 1a), we 40 

trained three supervised classifiers to distinguish between nine conservation classes taken from 41 

ConSurf-DB (early stop when optimum reached for ConSurf10k validation set). The models were: (1) 42 

standard logistic regression (LR) with 9,000 (9k) free parameters; (2) feedforward neural network 43 

(FNN; with two FNN layers connected through ReLU activations (Fukushima 1969); dropout rate 44 
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0.25; 33k free parameters); (3) standard convolutional neural network (CNN with two convolutional 1 

layers with a window-size of 7, connected through ReLU activations; dropout rate of 0.25; 231k free 2 

parameters). To put the number of free parameters into perspective: the ConSurf10k data set 3 

contained about 2.7 million samples, i.e., an order of magnitude more samples than free parameters 4 

of the largest model. On top of the 9-class prediction, we implemented a binary classifier (conserved 5 

/ non-conserved; threshold for projecting nine to two classes optimized on validation set). The best 6 

performing model (CNN trained on ProtT5) was referred to as ProtT5cons. 7 

 8 

A 

 

B 

 

 9 

Fig. 1: Sketch of methods. Panel A sketches the conservation prediction pipeline: (I) embed protein 10 

sequence (“SEQ”) using either ProtBERT or ProtT5 (Elnaggar et al. 2021). (II) Input embedding into 11 

supervised method (here: logistic regression, FNN or CNN) to predict conservation in 9-classes as 12 

defined by ConSurf (Ben Chorin et al. 2020). (III) Map nine-class predictions >5 to conserved (C), 13 

others to non-conserved (-). Panel B use binary conservation predictions to predict SAV effect 14 

prediction by (I) considering all residue-positions predicted as conserved (C) as effect (E), all others 15 

as neutral. (II) Residues predicted as conserved are further split into specific substitutions (SAVs) 16 

predicted to have an effect (E) or not (-) if the corresponding BLOSUM62 score is <0, all others are 17 

predicted as neutral (-). 18 

 19 

Predict SAV effects (ProtT5beff, Fig. 1B). To predict SAV effects, we first ran the binary ProtT5cons 20 

method predicting conservation, and marked all residues predicted to be conserved as “effect", all 21 

others as “neutral”. This first level treated all 19 non-native SAVs at one sequence position equally 22 

(referred to as “19equal” in tables and figures). To refine, we followed the lead of SIFT (Ng and 23 

Henikoff 2003) using the BLOSUM62 (Henikoff and Henikoff 1992) substitution scores. The method 24 

dubbed BLOSUM62bin proceeded as follows: SAVs less likely than expected (negative values in 25 

BLOSUM62) were classified as "effect", all others as “neutral”. Next, we combined this with the 26 

conservation prediction and referred to the resulting method as ProtT5beff (“effect” if ProtT5cons 27 

predicts conserved, i.e., value >5, and BLOSUM62 negative, otherwise “neutral”, Fig. 1b). This 28 

method predicted binary classifications of SAVs into effect/neutral without using any experimental 29 

data about SAV effects for optimization.  30 

 31 
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Evaluation. Conservation - ProtT5cons: The standard-of-truth for the conservation prediction were 1 

the values from ConSurfDB generated using HHMER (Mistry et al. 2013), CD-HIT (Fu et al. 2012), 2 

and MAFFT-LINSi (Katoh and Standley 2013) to align proteins in the PDB (Burley et al. 2019). For 3 

proteins with >50 sequences in the resulting MSA, an evolutionary rate at each residue position is 4 

computed and used with the MSA to reconstruct a phylogenetic tree. To put the performance of 5 

ProtT5cons into perspective, we generated ConSeq (Berezin et al. 2004) estimates for conservation 6 

with PredictProtein (Bernhofer et al. 2021) using MMseqs2 (Steinegger and Söding 2018) and PSI-7 

BLAST (Altschuh et al. 1988) to generate MSAs. Furthermore, we computed a random baseline by 8 

computing metrics for our predictions against randomly shuffled ConSurfDB values. 9 

 Effect prediction - ProtT5beff: To assess to which extent the prediction of SAV effects from 10 

ProtT5cons predictions of conservation could be attributed to mistakes in ProtT5cons, we applied 11 

ConSeq using the two approaches explained above (ConSeq 19equal: conserved predictions at one 12 

sequence position were considered “effect” for all 19 non-native SAVs and ConSeq blosum62: only 13 

negative BLOSUM62 scores at residues predicted as conserved were considered “effect”; all others 14 

considered “neutral” with both using the same threshold in conservation as for our method, i.e. 15 

conservation >5 for effect) for PMD4k and DMS4. This failed for 122 proteins on PMD4k (3% of 16 

PMD4k) because the MSAs were deemed too small. We also compared ProtT5beff to the baseline 17 

based only on BLOSUM62 with the same thresholds as above (BLOSUM62bin). Furthermore, we 18 

compared to SNAP2 (at default binary threshold of effect: SNAP2>-0.05). SNAP2 failed for four of 19 

the PMD4k proteins (0.1% of PMD4k). For the random baseline, we randomly shuffled ground truth 20 

values for each PMD4k and DMS4. 21 

 22 

Performance measures. We applied the following measures. 23 𝑄2 = 100 ∙ #      #      (Eqn. 1) 24 

Q2 scores (Eqn. 1) described both binary predictions (conservation and SAV effect). The same held 25 

for F1-scores (Eqn. 6, 7) and MCC (Matthews Correlation Coefficient, Eqn. 8). We defined 26 

conserved/effect as the positive class and non-conserved/neutral as the negative class (indices “+” for 27 

positive, “-“ for negative) and used the standard abbreviations of TP (true positives: number of 28 

residues predicted and observed as conserved/effect), TN (true negatives: predicted and observed as 29 

non-conserved/neutral), FP (false positives: predicted conserved/effect, observed non-30 

conserved/neutral), FN (false negatives: predicted non-conserved/neutral, observed 31 

conserved/effect).  32 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 =   (Eqn. 2) 33 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 =   (Eqn. 3) 34 𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 = 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =      (Eqn. 4) 35 𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒_ = 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =      (Eqn. 5) 36 𝐹1 = 100 ∙ 2 ∙  ∙         (Eqn. 6) 37 

𝐹1 = 100 ∙ 2 ∙  ∙         (Eqn. 7) 38 
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𝑀𝐶𝐶 = ∙ ∙( )∙( )∙( )∙( )     (Eqn. 8) 1 

𝑄9 = 100 ∙ #      #       (Eqn. 9) 2 

Q9 is exclusively used to measure performance for the prediction of nine classes of conservation taken 3 

from ConSurf.  4 

 5 

Error estimates.  We estimated symmetric 95% confidence intervals (CI, Eqn. 10) for all metrics using 6 

bootstrapping (Efron et al. 1996) by computing 1.96* standard deviation (SD) of randomly selected 7 

variants from all test sets with replacement over n = 1000 bootstrap sets:  8 

 𝐶𝐼 = 1.96 ∙ 𝑆𝐷 = 1.96 ∙  ∑( )         (Eqn. 10) 9 

with 𝑦  being the metric for each bootstrap sample and 𝑦 the mean over all bootstrap samples. We 10 

considered differences in performance significant if two CIs did not overlap. 11 
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Results 1 

Embeddings predict conservation. Inputting only embeddings from ProtBert and ProtT5 into 2 

relatively simple machine learning models (Fig. 1) predicted residue conservation scores compiled 3 

from multiple sequence alignments (MSAs) by ConSurf (Ben Chorin et al. 2020): even the simplistic 4 

linear regression (LR) reached levels of performance within about 20% of what could be achieved by 5 

using the fast alignment method MMseqs2 (Steinegger and Söding 2017) for ConSeq (Berezin et al. 6 

2004) (Fig. 2). The top prediction used ProtT5 embeddings. For both embeddings, the CNN 7 

outperformed FNN and these outperformed the LR. Either model trained on ProtT5 embeddings 8 

outperformed the respective ProtBert counterpart. Differences between ProtBert and ProtT5 were 9 

statistically significant (at the 95% confidence interval, Eqn. 10). Although the nine-state Q9 values 10 

(Eqn. 9: nine classes of conservation taken from ConSurf) were substantially smaller than the two-11 

state Q2 values (Eqn. 1) and the improvement over randomly shuffled ConSurfDB values was higher 12 

for Q2 than for Q9 for all methods (Fig. 2, Table S1). Other performance measures (F1effect, F1neutral, 13 

MCC) did not change the numerical ranking and were therefore confined to the SOM (Table S1). 14 

 ConSurfDB (Ben Chorin et al. 2020) simplifies the degree of conservation by a single digit 15 

integer (9: highly conserved, 1: highly variable). The optimal threshold for a binary conservation 16 

prediction (conserved/non-conserved) was 5 (>5 conserved, Fig. S1). However, performance was 17 

stable across a wide range of choices: between values from 4 to 7, MCC (Eqn. 8) changed between 18 

0.60 and 0.58, i.e. performance varied by 3.3% for 44.4% of all possible threshold (Fig. S1). This can 19 

be explained by the nine- and two-class confusion matrices (Fig. S2 and S3) for ProtT5cons, which 20 

shows that most mistakes are made between neighboring classes of similar conservation, or between 21 

the least conserved classes 1 and 2. 22 

 23 

 24 
Fig. 2: Conservation predicted accurately from embeddings. Data: hold-out test set of ConSurf10k 25 

(519 sequences); panel A: nine-state per-residue accuracy (Q9, Eqn. 9) in predicting conservation; 26 

panel B: two-state per-residue accuracy (Q2, Eqn. 1). Methods: LR: logistic regression (9,000=9k free 27 

parameters), FNN: feed-forward network (33k parameters), and CNN: convolutional neural network 28 
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(231k parameters with 0.25 dropout rate, effectively giving 231/4k parameters); ConSeq: computation 1 

of conservation weight through fast multiple sequence alignments (MSAs) (Berezin et al. 2004); 2 

Random: random label swap. Model inputs are differentiated by color (red: ProtBert embeddings 3 

(Elnaggar et al. 2021), blue: ProtT5 embeddings (Elnaggar et al. 2021), grey: MSAs (MMseqs2 4 

(Steinegger and Söding 2017) and PSI-BLAST (Altschuh et al. 1988)). Black bars mark the 95% 5 

confidence interval (±1.96 SD; Eqn. 10). Best were predictions using the ProtT5 embeddings 6 

(Elnaggar et al. 2021) and of those closest to ConSeq came the CNN-based predictions (Table S1 for 7 

more detail).  8 

 9 

Conservation-based prediction of SAV effect seemingly better for DMS4 than for PMD4k. In using 10 

predicted conservation as proxy for SAV effect, we chose the method best in conservation prediction, 11 

namely the CNN using ProtT5 embeddings (method dubbed ProtT5cons, Fig. 1B). The over-simplistic 12 

approach of considering any residue predicted as conserved to have an effect on any SAV (meaning: 13 

treat all 19 non-native SAVs alike) was referred to as “19equal” in the tables. We “refined” by 14 

combining conservation prediction with a binary BLOSUM62 score (effect: if ProtT5cons predicted 15 

conserved AND BLOSUM62<0, neutral otherwise), which we referred to as ProtT5beff. Both 16 

solutions outperformed the simple BLOSUM62 matrix with respect to MCC on the PMD4k data set 17 

dominated by SAVs affecting molecular function (ProtT5cons 19equal and ProtT5beff vs. 18 

BLOSUM62bin in Fig. 3A, Table 1). Alternative performance measure no longer clearly correlated as 19 

well as for conservation (Table 1, Table S2). The following results were common to all measures 20 

carving aspects such as precision and recall into a single number (Q2, F1effect, F1neutral and MCC). First, 21 

the expert method SNAP2 trained on some version of PMD4k achieved numerically higher values 22 

than all simplistic methods introduced here. Second, for PMD4k only, using the same SAV effect 23 

prediction for all 19 non-native SAVs consistently reached higher values than using the BLOSUM62 24 

values (Fig. 3 and Table 1: 19equal higher than blosum62). For some measures (Q2, F1effect) values 25 

obtained by using ConSeq for conservation (i.e. a method using MSAs) were higher than those for 26 

the ProtT5cons prediction (without using MSAs), while for others (MCC, F1neutral) this was reversed 27 

(Fig. 3, Table 1).  28 

 29 

Table 1: Performance in binary SAV effect prediction * 30 

Data set PMD4k DMS4 

Method/ Metric 
Q2  

(Eqn. 1) 
MCC  

(Eqn. 8) 
Q2  

(Eqn. 1) 
MCC  

(Eqn. 8) 
Random 61.08% ± 0.41 -0.002 ± 0.016 64.27% ± 0.76 -0.001 ± 0.018 

BLOSUM62bin 56.17% ± 0.43   0.049 ± 0.010 44.47% ± 0.84 0.169 ± 0.014 
ProtT5cons 19equal 68.58% ± 0.41  0.227 ± 0.010 62.20% ± 0.82 0.322 ± 0.014 

ProtT5beff 52.26% ± 0.43  0.160 ± 0.016 71.47% ± 0.75 0.369 ± 0.016 
ConSeq 19equal 71.51% ± 0.39  0.206 ± 0.010 50.70% ± 0.84 0.267 ± 0.012 

ConSeq blosum62 54.32% ± 0.43  0.138 ± 0.016 63.81% ± 0.8 0.318 ± 0.014 
SNAP2bin 70.66% ± 0.39  0.280 ± 0.010 41.55% ± 0.82 0.204 ± 0.012 
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* Data sets: The PMD4k data set contained 4k proteins from the PMD (Kawabata et al. 1999); 1 

74% of the SAVs were deemed effect in a binary classification. DMS4 marks the first four 2 

human proteins (BRAC1, PTEN, TPMT, PPARG) for which we obtained comprehensive 3 

experimental DMS measurements along with a means of converting experimental scores into 4 

a binary version (effect/neutral) using synonyms. DMS4 results are shown for a threshold of 5 

95%: the continuous effect scores were binarized by assigning the middle 95% of effect scores 6 

as neutral variants and SAVs resulting in effect scores outside this range as effect variants (Reeb 7 

et al. 2020). Methods: BLOSUM62bin: negative BLOSUM62 scores predicted as effect, others 8 

as neutral; ProtT5cons|ConSeq 19equal: all 19 non-native SAVs predicted equally: effect if 9 

ProtT5cons|ConSeq predicted conserved, otherwise neutral; ProtT5beff|ConSeq blosum62: 10 

effect if ProtT5cons|ConSeq predicts conserved and BLOSUM62 negative, otherwise neutral; 11 

SNAP2bin: effect SNAP2-score>-0.05, otherwise neutral. ± values mark the 95% confidence 12 

interval (Eqn. 10). For each measure and data set, significantly best results are highlighted in 13 

bold. 14 

 15 

 16 
Fig. 3: Embedding-based SAV effect prediction seemingly competitive. Data: PMD4k (red bars; 4k 17 

proteins from PMD (Kawabata et al. 1999)); DMS4 (blue bars) first four proteins (BRAC1, PTEN, 18 

TPMT, PPARG) with comprehensive experimental DMS measurements including synonyms (here 19 

95% threshold) (Reeb et al. 2020). Methods: BLOSUM62bin: negative BLOSUM62 scores predicted 20 

as effect, others as neutral; ProtT5cons|ConSeq 19equal: all 19 non-native SAVs predicted equally: 21 

effect if ProtT5cons|ConSeq predicted conserved, otherwise neutral; ProtT5beff|ConSeq blosum62: 22 

effect if ProtT5cons|ConSeq predicts conserved and BLOSUM62 negative, otherwise neutral; 23 

SNAP2bin: effect SNAP2-score>-0.05, otherwise neutral; Random: random shuffle of experimental 24 

labels. All values computed for binary mapping of experimental values (effect/neutral) with panel A 25 

giving the two-state per-residue accuracy (Q2, Eqn. 1) and panel B giving the Matthews Correlation 26 

Coefficient (MCC, Eqn. 8). Error bars: Black bars mark the 95% confidence interval (±1.96 SD, Eqn. 27 

10). For all methods, the differences between the two data sets PMD4k and DMS4 were statistically 28 

significant (exception: random). The surprising result that the best embedding-based method 29 
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(ProtT5beff) not using MSAs reached a higher MCC (panel B) than the SAV effect prediction based 1 

on the more accurate conservation “prediction” from ConSeq. 2 

 3 

Most relative values differed substantially between PMD4k and DMS4, i.e. the first four 4 

proteins (BRAC1, PTEN, TPMT, PPARG) for which we had obtained large-scale experimental DMS 5 

measures that could be converted into a binary scale (effect/neutral). First, all results using 6 

BLOSUM62 to convert ProtT5cons into SAV-specific predictions outperformed both the MSA-based 7 

conservation lookup from ConSeq and the expert SNAP2 trained on PMD4k (Table 1: ProtT5cons 8 

blosum62 highest). Second, combining the BLOSUM62 matrix with conservation also improved 9 

ConSeq (Table 1: ConSeq: 19equal lower than blosum62). Third, different performance measures 10 

rank correlated much better than for PMD4k (Tables S1-S5). Results for DMS4 at intervals of 90% 11 

(Table S3) and 99% (Table S5) around the mean showed similar trends. 12 

 13 

No straightforward prediction of SAV effect from LM mask probabilities. A more direct approach to 14 

predict SAV effects from embeddings is to make use of the probabilities that transformers trained on 15 

masked language modeling (e.g. ProtBert) assign to each of the 20 amino acids for masked input 16 

sequences. What we describe in the following uses only reconstruction probabilities computed from 17 

embeddings. For instance, when corrupting and reconstructing all residues in ConSurf4k (one residue 18 

at a time), ProtBert assigns a probability to the native and to each of the 19 non-native (SAVs) amino 19 

acids for each position in the protein. This way, ProtBert correctly predicted the native amino acid 20 

in 45.3% of all cases compared to a random baseline of 9.4% predicting the most frequent amino acid 21 

(Fig. S4). When analyzing the entropy of these probability distributions, we found a modest 22 

correlation with conservation (Fig. 4, Spearman’s R=-0.374). In contrast, preliminary results for 23 

directly using the same reconstruction probabilities to discriminate neutral (expected: high 24 

probability) from effect SAVs (expected: low probability) did not improve over ProtT5beff.  25 

 26 
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 1 
Fig. 4: Embeddings capture conservation without supervised training. Originally, ProtBert was 2 

optimized on reconstructing corrupted input tokens from non-corrupted sequence context (masked 3 

language modeling). Here, we corrupted and reconstructed, one residue at a time in the entire 4 

ConSurf10k dataset. For each residue position, ProtBert returns 20 values describing the probability 5 

for observing each of the 20 amino acids at that position. The higher the value, the probability, i.e. 6 

the lower the corresponding entropy, the more certain the protein LM predicts the corresponding 7 

amino acid. ProtBert’s sequence reconstructions are more confident for more conserved residues as 8 

shown by a modest (negative) correlation between ConSurf’s residue conservation and the 9 

entropy/uncertainty of ProtBert’s reconstruction probabilities (Spearman’s R of –0.374). Thus, 10 

ProtBert learned some aspect correlated with residue conservation during pre-training without 11 

having ever seen MSAs. 12 

 13 

SAV effect predictions blazingly fast. One important advantage of predicting SAV effects without 14 

using MSAs is the computational efficiency. For instance, to predict the effects for all 19 non-native 15 

SAVs in the entire human proteome (all residues in all human proteins) took 20 minutes on one 16 

Nvidia Quadro RTX 8000. Although this was more than using BLOSUM62bin alone as only a simple 17 

lookup is required (nearly instantaneous), the embedding-based predictions were also much better 18 

(Table 1). In contrast, running methods such as SNAP2 (or ConSeq) requires first to generate MSAs. 19 

Even the blazingly fast MMseqs2 (Steinegger and Söding 2017) needed about 90 minutes using batch-20 

processing on an Intel Skylake Gold 6248 processor with 40 threads, SSD and 377GB main memory. 21 

However, when deploying tools as a webserver, batch-processing might not be readily available as 22 

users submit single queries, in turn increasing runtime substantially. 23 
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Discussion 1 

No direct prediction of SAV effect from generic embeddings. Setting out to use reconstruction 2 

probabilities from protein language models to predict the effects of SAVs upon protein function we 3 

encountered several surprises and could not fully explain the puzzle pictured by the results. On the 4 

one hand, embeddings can predict the native amino acid in a protein sequence about half of all the 5 

times (Fig. S4). Although there is no single high value threshold to apply to distinguish native from 6 

non-native (Fig. S6), this finding implied that embeddings contain information allowing to identify 7 

residue positions at which the native amino acid stands out from the 19 non-native SAVs. However, 8 

whatever constraint marked those positions in the embeddings did not suffice to predict SAV effects.  9 

This might be related to a problem well-known in machine learning: the softmax function, 10 

which maps raw logits (output of the LM) to class probabilities, tends to assign high probabilities to 11 

a small subset of possible classes (Hinton et al. 2015). As a result, probabilities (and thus the difference 12 

between them) become extremely small for most other classes. In our case, this means that the LM is 13 

overly confident in predicting just one or a few amino acids while assigning extremely small 14 

probabilities to all others. This renders differences among the 20 values uninformative (Fig. S6). One 15 

NLP solution is to introduce a “temperature factor” in the softmax function which “softens" class 16 

probabilities (Caccia et al. 2020). This distributes the probability mass more evenly and renders 17 

difference more meaningful. A different, yet much harder to solve problem is ProtBert’s tendency to 18 

over-predict frequent amino acids (Fig. S5). Like all other machine-learning devices, LMs pick up 19 

class imbalance during training (here the fact that not all 20 amino acids occur equally often). Taken 20 

together, these problems make it difficult to use simple residue masking and the resulting 21 

reconstruction probabilities without further processing or fine-tuning for SAV effect prediction.  22 

On the other hand, it was already shown that methods using embeddings from protein LMs 23 

as input get very close or even outperform methods that use evolutionary constraints defined by 24 

MSAs as input (Elnaggar et al. 2021; Rao et al. 2020; Stärk et al. 2021). Therefore, we can currently 25 

only conclude that the simplest approach of using reconstruction probabilities from ProtBert without 26 

further processing are not readily suitable to scan the mutational landscape of proteins. Overall, it 27 

might not appear too surprising because the embeddings from the protein LMs used here (ProtBert 28 

& ProtT5 (Elnaggar et al. 2021)) could not learn evolutionary constraints directly because they never 29 

saw MSAs. This is very different for methods trained directly to extract family-specific embeddings 30 

from MSAs that apparently excel at predicting SAV effects for DMS data (Riesselman et al. 2018). 31 

 32 

Embeddings predict conservation. Even a simple Linear Regression sufficed to predict per-residue 33 

conservation values directly from generic embeddings (Fig. 2, Table S1). Furthermore, even relatively 34 

simple CNNs (with almost 100-times fewer free parameters than samples despite early stopping) 35 

reached levels in predicting conservation values within a few percent of the result from ConSeq 36 

explicitly using MSAs (Fig. 2, Table S1). If generic embeddings have extracted enough information 37 

from raw sequence databases to predict conservation, did that imply that the protein LMs did extract 38 

evolutionary information? Unfortunately, we could not answer this question. Clearly, the 39 

methodology applied to predict conservation never encountered any explicit information about 40 

MSAs, i.e., never had an explicit opportunity to pick up evolutionary information.  41 

 42 
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Predicted conservation informative about SAV effects. DMS data sets with comprehensive 1 

experimental probing of the mutability landscape (Hecht et al. 2013) as, e.g., collected by MaveDB 2 

(Esposito et al. 2019) continue to pose problems for analysis, possibly due to a diversity of assays and 3 

protocols (Livesey and Marsh 2020; Reeb et al. 2020). Nevertheless, it seems reasonable to assume 4 

that such data sets capture some aspects about the susceptibility to change better than traditional data 5 

sets with carefully selected SAVs such as PMD4k – which incidentally have been used to optimize 6 

most methods predicting SAV effects thereby creating some circularity (Grimm et al. 2015) and 7 

overlap (Reeb et al. 2016). If true, carefully tuned studies as contained in the DMS4 data set tested 8 

here, might contain largely reliable information for experimental probing of SAV effects. In turn, our 9 

results clearly suggested that embedding-based predictions of SAV effects (by simply assigning 10 

“effect” to those SAVs where ProtT5cons predicted conserved and the corresponding BLOSUM62 11 

value was negative) outperformed ConSeq with MSAs using the same idea, and even the expert effect 12 

prediction method SNAP2 (Fig. 3, Table 1). On top, these results were obtained on a data set never 13 

used for optimizing a single free parameter.  14 

Strictly speaking, this might not be considered fully correct. Instead, it might be argued that 15 

one single free parameter was optimized using the data set, because for the PMD4k data set the 16 

version that predicted the same effect for all 19-SAVs appeared to outperform the SAV-specific 17 

prediction using BLOSUM62 (19equal vs blosum62 in Fig. 3 and Table 1). However, not even the 18 

values computed for PMD4k could distract from the simple fact that not all SAVs are equal, i.e., that 19 

regardless of model performance, 19equal is agnostic to the sequence context in which a SAV appears. 20 

In fact, the concept of combining predictions with BLOSUM62 values has been shown to succeed for 21 

function prediction before (Bromberg and Rost 2008; Schelling et al. 2018) in that sense it was 22 

arguably not an optimizable hyperparameter.  23 

Embeddings predicted conservation (Fig. 2); conservation predicted SAV effects (Fig. 3). Did 24 

this imply that embeddings did capture evolutionary information? Once again, we could not answer 25 

this question either way directly. To repeat: our procedure/method never used information from 26 

MSAs in any direct way. Could it have implicitly learned this? Here we enter a circle: if so, why could 27 

mask reconstruction probabilities from raw embeddings not directly predict SAV effects? Although 28 

we could not clearly answer the question, we see only one hypothesis that appears compatible with 29 

all the findings, namely that embeddings capture biophysical constraints shaping proteins and 30 

determining their function that are also reflected in profiles of evolutionary information captured in 31 

MSAs. In other words, embeddings capture a reality that constraints what can be observed in 32 

evolution, and this reality is exactly what is used for the part of the SAV effect prediction that 33 

succeeds. If so, we would argue that our simplified method did not succeed because it predicted 34 

conservation without using MSAs, but that it captured positions biophysically "marked by 35 

constraints". This assumption would explain how a partially incorrect prediction of conservation 36 

(ProtT5cons) not using evolutionary information could predict SAV effects better than a more correct 37 

prediction (ConSeq) using MSAs to extract evolutionary information (Fig. 3: ProtT5cons vs. ConSeq). 38 

In this interpretation, it is not “residue conservation” that enables the small fraction of correct SAV 39 

effect predictions but some other feature.  40 

 41 

Fast predictions climate-change friendly. Clearly, our simple protocol introduced here will not be a 42 

contender for the best tool to predict SAV effects from sequence, not even amongst all the methods 43 

not using MSAs. However, our solution allows for extremely efficient, speedy predictions. While the 44 

pre-training of protein LMs consumes immense amounts of energy (Elnaggar et al. 2021), this has to 45 
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be accomplished only once. Applying embeddings such as from ProtT5 to predict residue 1 

conservation (ProtT5cons) or SAV effects after that consumes very little additional resources. When 2 

running prediction servers such as PredictProtein (Bernhofer et al. 2021) queried over 3,000 times 3 

every month, such investments could be recovered rapidly at seemingly small prices to pay in terms 4 

of slightly reduced performance. This might be as good a moment to consider the balance between 5 

gain in energy and loss in performance more carefully.  6 

 7 
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Conclusions 1 

Embeddings extracted from protein Language Models (LMs, Fig. 1), namely from ProtBert and ProtT5 2 

(Elnaggar et al. 2021), contain information that suffices to predict residue conservation in protein 3 

families without using multiple sequence alignments (Fig. 2). Such predictions combined with 4 

BLOSUM62 scores suffice to predict the effects of sequence variation (single amino acid variants, or 5 

SAVs) without optimizing any additional free parameter. Such predictions are blazingly fast, thereby 6 

they save computing, and ultimately energy resources when applied to daily sequence analysis. On 7 

top, our simple, fast solutions appeared to reach levels of performance not sufficiently worse than 8 

that for expert methods predicting variant effects (Fig. 3). This was remarkable because implicitly the 9 

probabilities computed from the same raw embeddings used to predict conservation did not contain 10 

any information relevant for predicting SAV/variant effects. In combination, our results suggested 11 

the major signal captured by variant effect predictions originates from some biophysical constraint 12 

revealed by raw protein sequences.  13 

  14 
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