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1 Introduction

This repository contains a compilation of 19 datasets of protein-fitness pairs containing single-substituted variants
(17 datasets), double-substituted variants (1 dataset) and multiple-substituted variants (1 dataset). All the
datasets and their characteristics are listed in Table 1. The generation and processing of the files contained in
this repository has been carried out using the scripts contained in this GitHub repository.

2 Datasets generation

In addition to the files containing the sequence-fitness pairs and the wild type of the protein, this repository
contains the files generated by applying the following pre-processing steps:

1. A search for homologous sequences in the Uniref100 database using the HMMER software.

jackhmmer --incT <0.5 * wild type length> --cpu 64 --nali -A <output .sto file path>

<input .fasta wild type file path> <Uniref100 path>

2. Inference of a statistical coupling model from the homologous sequences found using the PLMC software.

bin/plmc -o <output .params file path> -n 64 -le <0.2 * active sites> -m 3500 -g

-f <identifier> <input .a2m file path>

3. Encoding of the sequences in the sequence-fitness pairs and the homologous sequences using the Unirep [1],
eUnirep [3], PAM250 [4] and DCA [8] encodings.

4. Serialisation of the encoded sequence sets using Python’s Pickle package.
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3 Files description

This repository contains two types of .zip files:

• Files starting with raw data contain:

– <dataset>.fasta: The wild type sequence in fasta format.

– <dataset>.csv: A csv file containing all the sequence-fitness pairs. The first column contains the
sequences represented as the point mutation(s) made on the wild type (For example: D101E means
that the ‘D’ in the 101-th position of the wild type has been replaced by an ‘E’). The second column
contains the numerical value of that sequence’s fitness.

– <dataset> jhmmer.sto: The Stockholm alignment file generated when performing a jackhmmer search
using the HMMER software for searching homologous sequences of the wild type in the UniRef100
database.

– <dataset> jhmmer.a2m: The same alignment file but in A2M format.

– <dataset> plmc.params: A binary file containing all inferred model parameters using the PLMC
software taking the A2M file as an input.

• The rest of the .zip files contain Pickle files with the datasets as Numpy arrays in various encodings.

– <dataset> wt.pk: The wild type (list of amino-acids).

– <dataset> variants.pk: The list of substitutions as they appear in <dataset>.csv.

– <dataset> sequences.pk: The list of sequences (list of amino-acids). resulting from making the
corresponding substitutions on the wild type.

– <dataset> y.pk: The fitness values corresponding to the sequences in <dataset> sequences.pk.

– <dataset> unambiguous homologs.pk: The list of homologous sequences (list of amino-acids) found
performing a jackhmmer search in the UniRef100 database. Ambiguous symbols such as ‘X’, ‘B’, ‘J’
and ‘Z’ have been randomly replace by one of their appropriate amino-acids.

– <dataset> Xl unirep.pk: The list of sequences in Unirep encoding.

– <dataset> Xl eunirep.pk: The list of sequences in eUnirep encoding.

– <dataset> Xl pam250.pk: The list of sequences in PAM250 encoding.

– <dataset> Xu pam250.pk: The list of unambiguous homologous sequences in PAM250 encoding.

– <dataset> Xl dcae.pk: The list of sequences in DCA encoding. Since the DCA encoding process
purges some sequences, the number of sequences present in this file is lower than the others.

– <dataset> indexes.pk: The indexes needed to match the sequences in other encodings with the
sequences in DCA encoding. For example, <dataset> Xl unirep[indexes] returns the corresponding
sequences in the DCA file but in Unirep encoding.

– <dataset> Xu dcae.pk: The list of unambiguous homologous sequences in DCA encoding.

– <dataset> y dcae.pk: The fitness values corresponding to the sequences in DCA encoding.

4 Requirements

Depending on the steps to be reproduced, the following requirements need to be fulfilled:

• In order to perform the jackhmmer search, the HMMER software must be installed on your work environ-
ment and the Uniref100 database in fasta format needs to be downloaded in your file system.

• In order to infer the coupling statistical model with the PLMC software package you must first download
and compile it in your computer. The sequences alignment file used as input must be in A2M format, so
the Stockholm alignment file generated in the previous step must be converted.

• To read the <dataset> plmc.params files you need to use the script scripts/read params.m in the PLMC
software package.

• The pickle files have been generated using the following package versions:

– python 3.10.12

– numpy 1.25.0

– pickle 4.0
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