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Deep mutational scans have measured the effects of many mutations on a large variety of proteins. We use a collection of these scans to 
perform a meta-analysis of the effects of single amino acid substitutions, modeling the relative deleteriousness of each substitution with 
respect to the surface accessibility of the wildtype residue and the identities of the amino acids being exchanged. This simple model 
quantifies physicochemical trends underlying mutational effects across proteins and phenotypes, and manages to explain much of 
the observed variance.
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Introduction
It is of fundamental interest in medicine (Stefl et al. 2013), molecu

lar evolution (Maynard Smith 1970), and protein engineering 
(Bloom and Arnold 2009) to understand the effects of mutations 

on proteins. Accordingly, experimental techniques, most promin

ently deep mutational scanning (Fowler and Fields 2014), have 

been developed to measure the effects of mutations at high 
throughput on proteins of interest. Effects that can be assayed 

in this way include those on expression (Vanella et al. 2024), bind

ing affinity (Starr et al. 2020), and catalytic activity (Jacquier et al. 

2013; Vanella et al. 2024). Databases such as MaveDB (Esposito 
et al. 2019) and ProteinGym (Notin et al. 2023) have standardized 

and compiled the results of many deep mutational scans.
In parallel, machine learning models have been developed to 

predict the deleteriousness of mutations by comparing the mu
tated sequence to repositories of natural sequences (The UniProt 
2017). They have traditionally used only sequence homologs (Ng 
and Henikoff 2001; Hopf et al. 2017; Laine et al. 2019), while pro
tein language models (Meier et al. 2021; Su et al. 2023), recent al
ternatives, instead learn from a general corpus of sequences 
before tailoring predictions to the protein of interest. Predictions 
of machine learning models are very often compared against 
deep mutational scans for validation (Livesey and Marsh 2020).

While proteins are diverse (Berman et al. 2000) and their prop
erties biophysically complex (Whisstock and Lesk 2003), trends in 
mutational effects have been noted. Early work with individual 
proteins revealed structural considerations in the tolerance of 
substitutions (Bowie et al. 1990). It is well-recognized for example 
that polar substitutions to buried residues tend to be disruptive 
(Perutz et al. 1965; Reidhaar-Olson and Sauer 1988), more so 

than substitutions to solvent-accessible residues (Schwehm 
et al. 1998; Guo et al. 2004). Similarly, substitutions to loops and 
turns are typically better tolerated than those to alpha helices 
and beta sheets (Guo et al. 2004), with proline-substitution posing 
a particular threat to these structured regions (Chou and Fasman 
1974). Indeed, methods of predicting disease variants have often 
incorporated physicochemical features (Chasman and Adams 
2001; Sunyaev et al. 2001; Adzhubei et al. 2010; Ponzoni et al. 
2020), typically in addition to other data including sequence 
alignments.

The fairly recent profusion of deep mutational scanning data 
enables more precise and better-powered investigation of these 
physicochemical trends, an opportunity others have taken to de
liver insightful analyses (Stein et al. 2019; Cagiada et al. 2021). 
With this data, Gray et al., for example, argued histidine and as
paragine substitutions are the ones most demonstrative of the ef
fects of other substitutions (Gray et al. 2017) as opposed to alanine 
scanning (Cunningham and Wells 1989). Dunham and Beltrao 
(2021) categorized sites in several dozens of proteins by patterns 
of mutational effects and interpreted those categories with re
spect to local structural context. Mutational effects have also 
been modeled directly with empirical amino acid exchangeability 
matrices (Munro and Singh 2020; Høie et al. 2022; Yu et al. 2024), 
and with the surface accessibility of the substituted residue 
(Sruthi et al. 2020; Tsishyn et al. 2025). Schulze and 
Lindorff-Larsen (2024) combined these features to infer a separate 
exchangeability matrix for buried and exposed residues in analyz
ing effects on proteins’ cellular abundance.

In this study, we measure aggregate physicochemical com
monalities among mutational effects and quantify the degree to 
which they explain the large and varied collection of deep 
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mutational scanning data now at our disposal. We use a statistical 
rank model to analyze these various deep mutational scans in 
concert, first with respect only to aggregate amino acid exchange
ability, and then with respect also to surface accessibility. We 
analyze these physicochemical inferences and show that this 
model, on par with sequence-based machine learning models, ex
plains much of the variance in the experimentally measured ef
fects of single substitutions, and does so in terms of only an 
amino acid exchangeability matrix and a parameter for the effect 
of surface accessibility.

Materials and methods
We use the deep mutational scans (as well as study metadata, ef
fect predictions by machine learning models, and AlphaFold2- 
predicted (Jumper et al. 2021) protein structures) provided by 
ProteinGym (Notin et al. 2023) version 1.2, which is composed of 
217 assays (Supplementary Fig. 1) and nearly 700,000 single amino 
acid substitutions. Substitutions at each site are well-sampled; 
at most sites, the effects of substituting the wildtype with each 
of the 19 other proteinogenic amino acids have been measured 
(Supplementary Fig. 2a). Some amino acids, such as leucine, 
glutamic acid, and glycine, are 3- to 4-fold more commonly the 
wildtype than others such as tryptophan, cysteine, and histidine 
(Supplementary Fig. 2b).

Although effect scores are monotone in deleteriousness, due to 
methodological differences, between scans they can widely vary in 
scale (Dunham and Beltrao 2021; Schulze et al. 2026). Previous 
studies have accounted for this problem by restricting scans to 
those that use a specific experimental technique (Schulze and 
Lindorff-Larsen 2024), transforming scores toward a standard 
scale (Dunham and Beltrao 2021), and normalizing the ranks of 
scores within scans (Munro and Singh 2020). To analyze all scans 
together without transformation and to take into account poten
tial differences in the kinds of sites represented between scans, 
we explicitly model the ranks of the effects by deleteriousness 
within each scan, conditioning on features of the site.

Our models are effectively Plackett–Luce models (Luce 1959; 
Plackett 1975); each substitution has a corresponding deleterious
ness score which we infer, and the probability of an ordering of 
substitutions (by decreasing experimentally measured deleter
iousness) with corresponding scores θ1, θ2, . . . , θn is 
􏽑n

i=1 (θi/
􏽐n

j=i θj). The latent deleteriousness scores are on a consist
ent scale: from 0 to 1, the latter representing maximal deleterious
ness. (Although beneficial effects can be detected by deep 
mutational scans, we assume that the best effect is no effect.) In 
contrast to the canonical Plackett–Luce model, our models infer 
the θ by regression, analyzing the rank of each substitution in 
each deep mutational scan with respect to the identities of the 
amino acids being exchanged, and in our full model, the wildtype 
residue’s surface accessibility.

The first model determines the score of a particular substitu
tion purely with respect to the identities of the amino acids being 
exchanged (Fig. 1a). In this model, there are therefore a set of 
20 × 19 = 380 deleteriousness scores, one for each possible ex
change of amino acids. Specifically, we assume a Plackett–Luce 
model in which the score of a w to m mutation is logistic(βw,m), 
where independently βw,m ∼ Normal(0, 1) . We perform maximum 
a posteriori estimation of these scores in Stan (Carpenter et al. 
2017). Each score lies between 0 and 1 and represents the aggre
gate deleteriousness of substituting one amino acid for another.

The second model, in addition to amino acid exchangeability, 
also includes surface accessibility, extracted with DSSP (Kabsch 

and Sander 1983; Touw et al. 2015) from the AlphaFold2- 
predicted structure. The deleteriousness score of each substitu
tion still lies between zero and one, but it is computed as a logistic 
regression on the identities of the wildtype and mutant amino 
acids as well as the wildtype surface accessibility. Formally, the 
deleteriousness score of a w to m mutation whose wildtype resi
due has relative accessible surface area s is logistic(βwi ,mi

+ βSAsi), 
where independently βw,m, βSA ∼ Normal(0, 1).

Results
Altogether, amino acid exchangeabilities explain a considerable 
proportion of the variance in the experimentally ranked effects 
(Fig. 1b) and reflect known physicochemical relationships. The 
three least deleterious scores are assigned to the substitution of 
arginine for lysine followed by isoleucine for valine and valine 
for isoleucine. The five wildtype amino acids most prone to dele
terious substitution are tryptophan followed by cysteine, phenyl
alanine, leucine, and isoleucine, which, excepting cysteine, are 
relatively large, while moderately sized amino acids are more tol
erant (Fig. 2a). Cysteine’s obstinacy as a wildtype residue may be 
due to its unique ability to form disulfide bonds and its potential 
to facilitate catalytic interactions.

There are prominent asymmetries in exchangeability, in that a 
substitution can be more deleterious in one direction than the re
verse (Fig. 2b) (Munro and Singh 2020). The mutant amino acid that 
is on average the most deleterious is proline, but proline-wildtype 
sites are not particularly intolerant. This contrast reflects proline’s 
tendency to disrupt secondary structure, whereas proline- 
wildtype sites have already accepted this biophysical limitation. 
Similarly, a mutant cysteine residue would not be expected to 
form a disulfide bridge. More broadly, uncharged-to-charged sub
stitutions tend to be more deleterious than charged-to-uncharged 
substitutions, possibly reflecting that uncharged amino acids, of
ten buried in the hydrophobic core, are particularly intolerant of 
hydrophilic substitutes.

ProteinGym categorizes scans by the phenotype assessed: cata
lytic or biochemical activity, binding affinity to a target, expres
sion, organismal growth rate, and stability. (Most stability scans 
are from a single study of many domains; Tsuboyama et al. 
2023.) We inferred exchangeabilities from training on each of 
these categories separately and observed that they are fairly ro
bust to the types of assays used to train them, with some devia
tions (Supplementary Fig. 3). Notably, replacing hydrophilic 
amino acids with hydrophobic ones tends to be more deleterious 
than usual among binding assays.

The empirical trends of deleteriousness with respect to surface 
accessibility (Supplementary Fig. 4) indicate that this relationship 
is fairly consistent across substitutions, so we modeled it with a 
single parameter βSA. The inferences of the exchangeability and 
surface accessibility model (Fig. 3a) align reasonably well with 
the empirical trends in surface accessibility. The inferred exchan
geabilities are very similar, with Spearman correlation 0.91, to 
those of the exchangeability-only model. Figure 3b demonstrates 
the model’s predictions.

The Spearman correlation of this model with experimental 
measurements varies widely across deep mutational scans but 
is more consistent among larger scans, where it is between ap
proximately 0.3 and 0.6. The model is similar in average per-scan 
Spearman correlation across types of scans (around 0.4), but it is 
the highest (0.57) with respect to stability (Supplementary Fig. 5). 
Of the models we compare in Fig. 1b, the exchangeability and sur
face accessibility model bears the highest Spearman correlation 
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with predicted ΔΔG among a subset of 25 scans (Fig. 4a). 
Substitutions of glycine, surface residues, and residues in nonregu
lar secondary structures appear to be particularly prone to predic
tion error, though the range in mean absolute rank error with 
respect to amino acid exchange, surface accessibility, and second
ary structure is between about only 20–30% (Supplementary Fig. 6).

Surface accessibility alone explains the measured ranks better 
than exchangeability alone, and combining them considerably in
creases the variance explained to the level of sequence-based ma
chine learning models (Fig. 1b). (We also computed the average 
per-scan Spearman correlation of MIF (Yang et al. 2023), an in
verse folding model, with deep mutational scans as 0.41, which 
is comparable to the others.) There is generally some but not over
whelming agreement about predictions among our models and 
the sequence-based models; the Spearman correlation between 
the predictions of our exchangeability matrix and those of 
TranceptEVE, for example, is 0.40. In addition to comparing whole 
score sets, we also computed how well the models recall the 10% 
least deleterious mutations measured in each scan (Fig. 4b). The 
median recall for all models is below 20%. The recall of the ex
changeability and surface accessibility model approaches but re
mains below that of sequence-based models, indicating that 
though this is a difficult task, data of evolutionary conservation 
is particularly useful for identifying relatively permissive loci.

Discussion
Through statistical modeling of a large variety of deep mutational 
scans, we analyzed aggregate trends in the relative deleterious
ness of single amino acid substitutions with respect to amino 
acid exchangeability and surface accessibility. We found that 
these features, on par with the predictions of sequence-based 

machine learning models with many more parameters, explain 
much of the variance in deleteriousness in deep mutational scans.

Models that combine site-wise evolutionary conservation with 
amino acid exchangeability (Munro and Singh 2020), and site-wise 
conservation with solvent accessibility (Tsishyn et al. 2025) are 
also relatively simple and explain a good deal of mutational ef
fects across a variety of assays. Unlike these models, ours do not 
condition on homologous sequence data and may overlook, for 
example, surface-accessible functional sites. Instead, our model 
essentially provides a strong prior over mutational effects which 
we believe may be useful toward various ends, perhaps as a prior 
for parameters of machine learning models, especially when 
homologous sequence data is limited, and as a baseline (Høie 
et al. 2022) for models that use more specific features.

Empirical departures from the prior could also indicate function
ally significant residues (Schulze and Lindorff-Larsen 2024; Rao et al. 
2026). For example, the residues of TP53 whose average deleterious 
ranks are the most underestimated (relative to Kotler et al. 2018) of 
positions 102 through 292 are, in increasing order: R280, A276, S241, 
R248, and G244, of which R248, and R280 are critical DNA-binding 
contacts (Cho et al. 1994). The most underestimated residues of 
the SARS-CoV-2 spike protein (relative to Starr et al. 2020) of residues 
331 through 531 are F486, Y505, N343, G502, and T500, of which all 
are ACE2 contacts (Lan et al. 2020) except N343, which is a glycosy
lation site involved in ACE2 binding (Sztain et al. 2021).

We compared our models to sequence-based models as a 
measure of how well they could explain the relative deleterious
ness of single substitutions. Our models cannot, however, substi
tute these machine learning methods, for several reasons. 
Sequence-based models are unsupervised, can perform other 
tasks (such as structure prediction; Marks et al. 2011 and se
quence generation; Riesselman et al. 2018; Su et al. 2023), and 
can capture epistatic effects (Hopf et al. 2017; Laine et al. 2019) 

a b

Fig. 1. a) Amino acid exchangeabilities as inferred from ranks of mutational effects within deep mutational scans. Marginal scores represent averages for 
the wildtype or mutant residues. Higher scores indicate greater deleteriousness, with scores scaled ×10 and rounded to the nearest integer. Amino acids 
are ordered according to Kyte and Doolittle’s hydropathy index (Kyte and Doolittle 1982). b) The mean per-scan Spearman rank correlation of 
experimental single-substitution effects, model predictions, and measures of amino acid exchangeability. Predictions of our exchangeability and 
combined exchangeability and surface accessibility models are from 10-fold cross-validation among proteins. Included are the Yampolsky–Stoltzfus 
exchangeability matrix (Yampolsky and Stoltzfus 2005) and BLOSUM62 (Henikoff and Henikoff 1992), and the sequence-based machine learning models 
are GEMME (Laine et al. 2019), an alignment-based model, TranceptEVE (Notin et al. 2022), an alignment-based and protein language model, and ProSST 
(Li et al. 2024), a structure and protein language model (Notin et al. 2023).
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a b

Fig. 2. a) The average exchangeability of each amino acid wildtype versus its volume as calculated by Perkins (1986). b) For each amino acid substitution a 
for b, the deleteriousness score relative to the reverse substitution b for a. The greater the score asymmetry, the greater the deleteriousness of the forward 
substitution than the reverse.

a

b

Fig. 3. a) Deleteriousness scores with respect to the amino acids being exchanged and the wildtype residue’s surface accessibility. For illustration, amino 
acid scores are binned from one through ten and the deleteriousness curve with respect to surface accessibility is shown using the central score of each 
bin. b) A demonstration of predicting the ranked deleteriousness of histidine substitutions at residues 111 to 159 of beta-lactamase based on amino acid 
exchangeability, surface accessibility, and both, compared to the measurements of a deep mutational scan by Firnberg et al. (2014). (Some loci lack 
experimental measurements.) The Spearman correlation of the full model with the experiment is 0.68 in this region.
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common in proteins (Starr and Thornton 2016; Buda et al. 2023). It 
is also worth noting that the inferences of our models are biased 
toward those proteins and mutations that have been sampled 
by deep mutational scans and that sequence-based models can 
in principle benefit from a wider variety of training data.

An immediate product of our statistical analysis was an empir
ical amino acid exchangeability matrix that quantifies the relative 
deleteriousness of each of the 380 possible amino acid substitu
tions. The matrix, like other empirical exchangeability matrices 
(Munro and Singh 2020), is asymmetric, in that the deleterious
ness score depends not only on which amino acids are being 
swapped, but on which is the wildtype and which the mutant. It 
therefore implicitly takes into account typical physicochemical 
features and roles of amino acids, and contrasts with substitution 
matrices based on evolutionary conservation, eg BLOSUM 
(Henikoff and Henikoff 1992) and PAM (Dayhoff et al. 1978), and 
physicochemical distance matrices (Grantham 1974; Miyata 
et al. 1979; Kawashima et al. 2007), which are symmetric and do 
not consider mutational effects directly. Substitution matrices re
flect factors like codon bias and the structure of the genetic code 
(Yampolsky and Stoltzfus 2005) and are not intended for mutation 
effect prediction (Ng and Henikoff 2001), while physicochemical 
distance matrices represent differences between amino acids 
but not directly with respect to their roles in proteins.

Yampolsky and Stoltzfus published an empirical exchangeabil
ity matrix in 2005 using data from one dozen systematic exchange 
studies (Yampolsky and Stoltzfus 2005), precursors to deep muta
tional scans. Our matrix has a 0.64 Spearman correlation with the 
Yampolsky–Stoltzfus matrix and yields somewhat similar effect 
predictions as both this matrix and BLOSUM62 while ultimately 
explaining more variance in the empirical ranks (Fig. 1b). We re
cover similar patterns in exchangeability as recent studies: our 
matrix has a Spearman correlation of 0.94 with one by Munro 
and Singh (2020) and one by Høie et al. (2022).

Our models explain much of the relative deleteriousness of muta
tions without accounting for the assayed phenotype, and the infer
ences from training on assay types separately are similar to those 

learned from the whole data. These results are consistent with there 
being general properties of proteins, including stability (Bloom and 
Arnold 2009; Stein et al. 2019; Gerasimavicius et al. 2023) (but also 
perhaps aggregation and misfolding potential Mehlhoff et al. 2020; 
Cagiada et al. 2021), that underlie assay measurements, and there
fore that substitutions might, in impacting these properties, have 
comparable effects on higher-order properties such as binding affin
ity and catalytic activity. Indeed, the predictions of our model track 
particularly well with predicted ΔΔG, and the stability scans are the 
ones best-explained by exchangeability and surface accessibility.

We have shown that amino acid exchangeability and a surface 
accessibility parameter explain much of the effects of single sub
stitutions across various deep mutational scans. Other physico
chemical features could be incorporated, though one should 
expect natural limits on correspondence with experimental scores, 
which can be noisy (Ma et al. 2019; Livesey and Marsh 2020) and 
vary between replicates. Idiosyncratic interactions between sites 
and the intricacies of protein function (Li and Lehner 2020; Buda 
et al. 2023), as well as such external considerations as molecular 
interactions, add to the complexity of intuiting the effects of muta
tions using small models. However, physicochemical trends such 
as those we have analyzed support that strong prior understanding 
of effects at short mutational distance can be formed, and may aid 
in the challenge to understand the grammar of proteins.

Data availability
Code for this article, as well as inferred model parameters, can be ac
cessed at https://github.com/berkalpay/metamutation. ProteinGym 
version 1.2 is archived at https://doi.org/10.5281/zenodo.14997691.

Supplemental material available at GENETICS online.
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Fig. 4. a) The correlation of models with Rosetta-predicted ΔΔG (Leman et al. 2020) for 25 scans across 15 matching proteins in ProteinGym 
(Supplementary Table 1) as calculated by Høie et al. (2022). Spearman correlations of scans of the same protein are averaged before the grand mean and 
standard error are calculated. b) Per deep mutational scan, the fraction of the 10% least deleterious mutations recalled as such by each model.
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