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Mycobacterium tuberculosis uses intrinsically 
disordered, fast evolving proteins to interact 
with conserved host factors
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Background
Mycobacterium tuberculosis (Mtb), the causative agent of tuberculosis (TB), is estimated 
to infect about a quarter of the world population and represents a major cause of death 
worldwide (​h​t​t​p​s​:​​/​/​w​w​w​​.​w​h​o​.​i​​n​t​/​n​​e​w​s​-​r​​o​o​m​/​f​​a​c​t​-​s​h​​e​e​t​s​​/​d​e​t​a​i​l​/​t​u​b​e​r​c​u​l​o​s​i​s). Mtb ​p​r​o​d​

Abstract
Background  Intrinsically disordered protein regions (IDRs) are implicated in diverse 
cellular processes in eukaryotes and, in these organisms, they cover up to 40% of the 
proteome. Surprisingly little is known about IDRs in bacterial proteomes. Specifically, 
a number of questions remain unanswered, such as the role of these regions in host–
pathogen interactions, their adaptive potential and evolutionary trajectories, as well 
as their biophysical properties. Here we focus on Mycobacterium tuberculosis and take 
advantage of the fact that, due to its extreme epidemiological relevance, several large-
scale analyses are available.

Results  After benchmarking different disorder prediction tools, we integrate multiple 
levels of biological information to show that IDR-containing proteins are involved 
in virulence, in the modulation of host immune response, and in lipid metabolism. 
Mycobacterium tuberculosis IDRs are fast evolving and poorly antigenic, and they display 
specific sequence-ensemble-function relationships. Conversely, human proteins 
that interact with Mycobacterium tuberculosis are evolutionary constrained, widely 
expressed, and highly connected in the human interactome map. This indicates that 
the classical arms race paradigm is not universal in host–pathogen interactions. We also 
extend analysis to 540 human-infecting bacteria and we underscore wide variations in 
IDR representation and conformational properties.

Conclusions  Our data point to a role of IDRs in contributing to bacterial virulence, 
interaction with the human host, and control of immune responses. Although this 
awaits experimental validation, we suggest that Mycobacterium tuberculosis also uses 
IDRs to sense and interact with its environment. Herein, we provide a database of 
bacterial IDRs, together with relevant parameters, for public use.
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u​c​e​s an active form of the disease (active TB, ATB) or an asymptomatic form known as 
latent TB (LTB), which is the most common [1, 2]. The bacilli are transmitted via aero-
solization and, once in the lungs, they infect tissue-resident alveolar macrophages and 
other cell populations [3, 4]. The development of the host immune response can result 
in the elimination of the bacterium or produce a granulomatous reaction to contain the 
infection in a tubercle, leading to LTB [4, 5]. Infection reactivation can cause a variety 
of manifestations, including cavitary lung disease, the most common form. Individuals 
with cavitary TB transmit the bacterium more efficiently than other disease forms, sug-
gesting that the ability of Mtb to establish latency and to subsequently reactivate in an 
infectious form represent a strategy to persist in human populations [4, 6–8]. In fact, 
Mtb cannot rely on a zoonotic reservoir for reintroduction into human populations, as it 
is fully adapted to its human host. The association of Mtb with humans is long-standing 
and the bacterium is thought to have emerged about 70,000 years ago in Africa [9].

Because of its host-specificity and transmission strategy, Mtb has evolved a plethora of 
mechanisms to both evade and take advantage of host immune responses [4]. Some of 
these depend on specialized membrane or secreted proteins that interfere with macro-
phage functions. These include the PE–PPE/PGRS family of proteins, which are specific 
to mycobacteria and, despite an overall reductive genome evolution, have expanded con-
siderably with the gain of virulence of Mtb [10–13]. Some PE–PPE/PGRS were reported 
to encompass intrinsically disordered regions (IDR), although no systematic analysis was 
conducted [14, 15].

IDRs have been implicated in diverse cellular processes in eukaryotes and, in these 
organisms, they cover up to 40% of the proteome [16]. Proteins with IDRs are often 
intracellular and function as interaction hubs in protein–protein interaction (PPI) 
networks [16, 17]. In contrast, IDRs are less abundant in bacteria and their functions 
are poorly understood [16, 18]. Investigation of individual IDRs in bacterial proteins 
revealed their involvement in core cellular processes including transcription [19], polar 
organization [20, 21], DNA repair [22], RNA metabolism [23], cell division [24], flagel-
lum-dependent motility [25], and cell wall homeostasis [26], but also in mechanisms of 
resistance and adaptation such as toxin-antitoxin systems [27–29] protection against 
antimicrobial peptides [30], and biofilm formation [31]. Nonetheless, systematic analy-
ses of IDRs in bacterial systems are missing and the function, evolution and contribution 
to pathogenicity of these regions remain unexplored.

Results
Differences among predictors in estimating IDR fraction in the Mtb proteome

To investigate the IDR content in the proteome of Mtb, we selected the reference pro-
teome of strain H37Rv (3995 proteins) and we used two IDR prediction methods (Addi-
tional file 1: Table S1). Specifically, we applied Metapredict V2, a deep-learning-based 
approach that combines different predictors to generate consensus disorder scores, 
and an AlphaFold2-based method, which uses per-residue predicted local difference 
test (pLDDT) scores (see Methods) [32–35]. Metapredict estimated 10.5% of the Mtb 
proteome to be disordered, whereas the average IDR fraction predicted by AlphaFold2 
amounted to 7.8%. Inspection of the proteins accounting for the differences indicated 
that the overwhelming majority of them belong to the PE-PGRS family (Fig. 1A): out of 
more than 35,000 codons predicted to be in IDRs by Metapredict but not by AlphaFold2, 
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81% are located in these proteins. We thus used a third predictor, SPOT-Disorder [36], 
to estimate the IDR content in the Mtb proteome. Results were consistent with Metapre-
dict and estimated a much higher fraction of disorder than AlphaFold2 in the sixty-three 
PE-PGRS proteins (Fig. 1B).

PE-PGRS proteins are specific to mycobacteria and all share a glycine-rich domain of 
different size. Most codons in the PGRS domains were predicted to be disordered by 
SPOT-Disorder and Metapredict. Instead, in AlphaFold2 models, several PGRS domain 
regions were predicted to fold into polyglycine type II-like (PGII) conformations, flexible 
left-handed extended helices, which are not constrained by intra-helix hydrogen bond-
ing as in the case of alpha helices [37, 38] (Fig. 1C). PGII helix structures are known to 
be rare in the proteomes of most organisms [39], but these conformations were exper-
imentally solved in a few cases [39–41], indicating that they exist in natural proteins. 
Thus, these results suggest that Metapredict and SPOT-disorder incorrectly over-esti-
mate the IDR fraction in the Mtb proteome mainly because of their failure to predict 
PGII helices. More generally, these data imply that investigation of IDR content benefits 

Fig. 1  Disorder prediction in the Mtb proteome. A Metapredict and AlphaFold2 estimates of the fraction of resi-
dues in folded domains and in IDRs that are either or not located in PE-PGRS proteins. B IDR fractions predicted for 
63 PE-PGRS proteins using three predictors: Metapredict, AlphaFold2, and SPOT-Disorder. Data are represented as 
standard box and whisker plots. C Ribbon diagram of the AlphaFold2 predicted structure of one representative PE-
PGRS protein (PE_PGRS16, Uniprot: Q79FU3). Residues are colored as per pLDDT score. For this protein, AlphaFold2 
identified a 72 AA long IDR (surface representation), whereas Metapredict predicted a 550 AA long IDR covering 
most of the PGII helix structures (surface in transparency). D Comparison of IDR prediction performance for the 
three methods. The unit-normalized Matthews correlation coefficient (MCC) is plotted against the F1 score. The 
hatched line (unit-normalized MCC = 0.5) corresponds to random prediction
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from the comparison of different methods, especially in organisms that encode unique 
protein families or domains.

Besides PE-PGRS proteins, the concordance among the three disorder predictions was 
far from complete, with Kendall’s correlation coefficients of IDR fraction per protein 
ranging from 0.43 (AlphaFold2 vs SPOT-Disorder) to 0.57 (AlphaFold2 vs Metapredict). 
To benchmark the prediction methods, we searched for information on Mtb proteins 
with an experimentally solved structure in the Protein Data Bank (PDB) [42]. Of 594 
H37Rv proteins with at least one available structure, we selected those obtained with 
X-ray diffraction, with structural information covering the full protein, and that repre-
sented monomers or homomultimers (see Methods) (n = 229). From these structures, we 
annotated regions with missing residues—i.e., regions that were not solved in the crystal 
and are thus likely to be disordered [43]. As above, residue gaps longer than 29 amino 
acids were considered IDRs. We identified IDRs in 21 PDB structures (208 proteins 
were fully folded). To evaluate the performance of the three predictors, we calculated 
two metrics, the Matthews correlation coefficient (MCC) and the F1 score, which were 
developed for binary classifiers [44–47]. Results indicated that the AlphaFold2-based 
method achieved a good performance and both indices were higher than those calcu-
lated for Metapredict or SPOT-Disorder (Fig. 1D).

IDRs are enriched in secretory/membrane Mtb proteins that interact with the host

Given the results above, we used AlphaFold2 predictions in all the following analyses. 
In the Mtb proteome, we found 1,123 proteins (28.4%) to have at least one IDR (Addi-
tional file 1: Table S1). We first asked whether IDRs are more common in bacterial 
essential proteins or in proteins that are dispensable for optimal growth. We found that 
16.6% of essential proteins have at least one IDR, whereas this percentage amounts to 
22.2% in non essential proteins, a statistically significant difference (Fisher’s Exact Test, 
p = 0.0005). In fact, when we compared the fraction of protein sequence in IDRs, this 
was significantly higher in nonessential proteins compared to the essential ones (Brun-
ner Munzel test, p-value = 1.61 × 10–6) (Fig. 2A) (Additional file 1: Table S1).

We next sought to investigate the association between IDR fraction and the biological 
function or cellular localization of Mtb proteins. We used Brunner Munzel tests to eval-
uate the significance of whether proteins associated to a given gene ontology (GO) term 
have a higher IDR fraction than proteins not associated to the examined term. Our GO 
analysis showed significant enrichments of IDR fraction in proteins that are involved in 
different processes, including lipid transport, lipid biosynthetic processes, autophos-
phorylation, and response to the host immune system. The latter term had the high-
est number of contributing elements. Proteins with a high IDR fraction were also more 
likely to function as kinases and to be either associated to the membrane or secreted 
(Fig. 2B). To investigate IDR location in proteins that perform the same molecular func-
tion (kinases) or are involved in the same biological processes (lipid biosynthesis or 
transport), we used the SMART database (https://smart.embl.de/) to map functional 
domains. Results indicated that in most kinases, IDRs are located within linker regions 
between domains or are either C- or N-terminal (Additional file 2: Fig. S1). Conversely, 
IDRs were mostly embedded in functional domains (especially the wax ester synthase-
like Acyl-CoA acyltransferase domain) in proteins involved in lipid biosynthesis. For 

https://smart.embl.de/
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lipid transporters, the situation was more heterogeneous in terms of both domain repre-
sentation and IDR location (Additional file 2: Fig. S1).

We next sought to explore IDR content in functional classes that are not covered by 
GO terms. Analysis of proteins involved in antimicrobial resistance (AMR) showed that 

Fig. 2  Function and interactions of IDRs in the Mtb proteome. A Comparison of IDR fraction in different functional 
categories: essential vs non-essential proteins, proteins that are involved in AMR vs those that are not, proteins that 
contribute to Mtb virulence vs those that do not, and protein that engage in PPIs with human proteins vs those 
that are not known to participate to such interactions. All p values derive from Brunner Munzel tests. See also Table 
S1. B GO analysis of IDR fraction. Only significant terms are shown (p value < 0.01 after FDR correction). The red 
scale represents the probability difference from Brunner Munzel tests. The number of proteins associated with any 
term is represented by circle diameters. C Representation of known Mtb-human PPIs. Nodes represent proteins (tri-
angles for Mtb and circles for human), edges indicate physical interactions deriving from different sources (see text 
and Methods). Proteins are color-coded based on the percentile rank of IDR fraction in the respective proteome. 
Interacting proteins that represent virulence factors are marked with a red asterisk, those associated with the GO 
term “response to host immune response” with a blue asterisk
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they have similar IDR content as proteins that have never been associated with such 
mechanisms (Brunner Munzel test, p-value = 0.0845) (Fig.  2A, Additional file 1: Table 
S1). Conversely, virulence factors had a higher IDR fraction than proteins that do not 
contribute to the virulence of Mtb (Brunner Munzel test, p-value = 0.0030) (Fig.  2A, 
Additional file 1: Table S1). Some virulence factors function as kinases or in lipid metab-
olisms (the GO terms we identified above). We asked whether orthologs from other 
pathogenic bacteria shared IDR representation and location with Mtb proteins. We thus 
searched the proteomes of five pathogens in the order Mycobacteriales (Dietzia cin-
namea, Gordonia bronchialis,Corynebacterium diphtheriae, Nocardia abscessus or N. 
farcinica, and Prescottella equi) for orthologs of ten Mtb kinases/lipid metabolism pro-
teins involved in virulence. We detected at least one ortholog for six of them, although 
the paralogous mmpL8 and mmpL10 shared the same orthologs. Analysis of IDR con-
tent showed a variegated scenario: only pknG showed the same pattern across orthologs, 
all of them having an N-terminal IDR, whereas in the case of lipid transporters, only 
the Mtb and D. cinammea proteins had some unstructured regions. As for the mycol-
yltransferase (fbpC) only the orthologs from P. equi, G. bronchialis, and D.cinnamea, in 
addition to Mtb, had IDRs (Additional file 2: Fig. S2). Overall, these analyses suggest that 
structural disorder is volatile and poorly conserved even across orthologs of bacteria in 
the same order (see also below).

Finally, we investigated the contribution of IDRs to PPIs. We thus leveraged different 
sources (see Methods) to assemble a list of 70 Mtb proteins that participate in direct 
PPIs with human proteins (Additional file 3: Table S2). We found that bacterial proteins 
that are involved in host–pathogen PPIs have a significantly higher fraction of IDRs 
(Brunner Munzel test, p-value = 0.0036), in line with the GO results showing significant 
IDR enrichment in proteins that counteract immune responses and that are secreted or 
membrane-associated (Fig. 2B and C). Also, some of these proteins contribute to Mtb 
virulence (Fig. 2C). Conversely, when we analyzed data of physical interactions between 
Mtb proteins, we observed that proteins with IDRs have lower degree centrality (i.e., 
fewer interactions) than proteins without IDRs (Brunner Munzel test, p-value = 0.0016) 
(Additional file 1: Table S1). Overall, these results indicate that IDRs are likely to con-
tribute to Mtb virulence and to modulate its interaction with the human host.

IDRs evolve at accelerated rate in the Mtb proteome

We next aimed to assess whether, as is the case for eukaryotes and some viruses [16, 
48–53], IDRs in the Mtb proteome evolve faster than folded domains. To this aim, we 
exploited gene- and codon-level data from a previous analysis that used 10,209 Mtb 
genomes to estimate the non-synonymous/synonymous rate ratio (dN/dS) [54].

At the protein level, we found a significant, albeit weak, association between average 
dN/dS and IDR fraction (Kendall’s rank correlation, tau = 0.11, p-value = 1.13 × 10–16) 
(Additional file 1: Table S1). We thus moved to the codon level and we compared sites 
embedded in IDRs with those that are not in IDRs. A significantly higher dN/dS was 
observed for the former (Fig. 3A). Notably, this was true even when we considered pro-
teins with IDRs only (Fig. 3A), indicating that this effect is not simply secondary to the 
functional characteristics of IDR-containing proteins (e.g., the fact that they interact 
with the host).
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On one hand, high dN/dS values can result from either positive selection or from relax-
ation of functional constraints. On the other, when only a minority of sites are targeted, 
positive selection can occur even in genes showing, on average, low dN/dS [63]. We thus 
set out to quantify the amount of positive selection in IDR and non-IDR regions. To this 
aim, we defined positively selected sites as those having a posterior probability ≥ 0.90 
of having dN/dS > 1, as suggested [54]. We found that IDRs have a significantly higher 
fraction of positively selected sites compared to non-IDR regions (Fisher’s Exact test, 
OR = 1.30, p < 2.2 × 10–16) (Fig. 3B). Again, the same conclusion was confirmed when only 
IDR-containing proteins were analyzed (Fisher’s Exact test, OR = 1.26, p = 1.13 × 10–13) 
(Fig.  3B). Overall, these analyses indicated that IDRs are fast evolving and represent 
preferential targets of positive selection in the Mtb proteome.

Inspection of the IDRs having the highest fraction (top 20) of positively selected sites 
(Additional file 4: Table S3) indicated that several of them are located within proteins 
that modulate interaction of the bacilli with their environment, including nutrient sens-
ing, drug resistance, dormancy and resuscitation, as well as immunity to invading DNA 

Fig.  3  IDR evolution and antigenicity. A Evolutionary rate in IDRs and folded domains was calculated using a 
site-wise measure of dN/dS. Higher dN/dS values are observed in IDRs compared with folded domains and this 
is the case for all proteins (left) and when only IDR-containing proteins (right) are analyzed. The p values derive 
from Brunner Munzel tests. B The fraction of positively selected sites (posterior probability of dN/dS ≥ 0.90) was 
calculated in IDRs and in folded domains of all proteins or IDR-containing proteins only. In both cases the fraction 
is significantly higher in IDRs (statistical analysis by Fisher exact tests). C Schematic representation of Mtb proteins 
carrying the 20 top IDRs in terms of positive selection signals (fraction of positively selected sites, represented as 
triangles). A functional annotation is also reported. Domain information was derived from the SMART database 
(https://smart.embl.de/). References are as follows: whiB6 [55], Rv2779c [56], sugI [11, 57, 58], Rv2565 [59], Rv2541 
[60], Rv3365c [61], nusG [62]. D ATB and LTB epitopes for CD4 + T cells were mapped onto Mtb proteins. The fraction 
of epitope sites in IDRs is significantly lower than the one in folded domains (statistical analysis by Fisher exact test). 
E Comparison of dN/dS in epitopes and non-epitopes (statistical analysis by Brunner Munzel tests)
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elements [11, 55–58, 60, 62, 64] (Fig. 3C). The enrichment of positively selected sites is 
clearly evident in these IDRs (Fig. 3C).

Mtb IDRs are poorly antigenic

Immune responses mediated by CD4 + T cells and CD8 + T cells are essential to control 
Mtb infection [4]. Previous analyses based on epitope prediction methods suggested 
that, due to biased amino acid composition, peptides presented by HLA class I and HLA 
class II molecules are less likely to derive from IDRs than from folded domains [65]. 
However, recent evidence indicated that IDR-containing human endogenous proteins 
are preferentially degraded by the proteasome [66], and non-canonical proteins, which 
account for about 25% of the HLA class I immunopeptidome source proteins, have high 
IDR fractions [67]. These contrasting observations raise the question of whether IDRs 
can be an active source of epitopes during Mtb infection. We thus set out to investigate 
the relationships between antigenicity and protein disorder, as well among these param-
eters and evolutionary rates. To this aim, we retrieved information on antigenic pep-
tides deriving from two studies that used high-throughput assays to define the CD4 + T 
cell responses in LTB and ATB [68, 69]. A total of 692 epitopes were mapped onto 318 
Mtb proteins (Additional file 5: Table S4). Antigenic proteins were found to have similar 
IDR fraction and similar dN/dS as the non-antigenic ones (Brunner Munzel test, both p 
values > 0.05).

We next moved at the codon level. We first asked whether antigenic peptides have the 
same probability to derive from IDRs or from folded domains. We found that epitopes 
are significantly and strongly depleted within IDRs either when all epitopes are analyzed 
together (Fig. 3D) or when ATB and LTB epitopes were separated (Fisher’s Exact test, 
all p values < 2.7 × 10–13) (Additional file 2: Fig. S3). Similar results were obtained when 
only proteins with at least one mapped epitope were considered (Fisher’s Exact test, p 
value < 2.2 × 10–16).

Previous studies showed that Mtb T-cell epitopes are hyperconserved (i.e., have 
lower dN/dS than non-epitopes) [70, 71]. Because we observed that IDRs evolve faster 
than folded domains and are depleted of epitopes, we reasoned that dN/dS compari-
sons should take structural information into account. Results indicated that epitopes 
in folded regions have, on average, higher dN/dS than non-epitopes (Fig. 3E, Brunner 
Munzel test, p < 2.2 × 10–16). In IDRs, epitopes were also found to evolve faster than non-
epitopes, although the difference was not statistically significant (possibly also because 
of the small sample size) (Fig. 3E). These same patterns were observed for both ATB and 
LTB epitopes (Additional file 2: Fig. S3). As above, we thus wondered whether epitopes 
were more common targets of positive selection than non-epitopes. This was not the 
case, as no statistically significant enrichment of positively selected sites was detected in 
epitopes, either from IDRs or from folded domains (Fisher’s Exact tests, p values > 0.05). 
Overall, these data indicated that IDRs in the Mtb proteome are a poor source of anti-
genic peptides. Contrary to previous findings [70, 71], we failed to detect hypercon-
servation of epitope sequences. Rather, we observed that, on average, epitopes evolve 
faster than non-epitopes, although this does not seem to be directly related to a stronger 
action of positive selection. Concerning the discrepancy with previous data, we should 
add that we used a dN/dS estimate deriving from more than 10,000 Mtb sequences, 
which increases the likelihood to include alternative amino acid alleles, most of which 
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are rare [54]. Earlier studies were instead based on estimates deriving from fewer than 25 
Mtb sequences [70, 71].

Sequence-ensemble-function relationships of Mtb IDRs

We next aimed to investigate the biophysical properties of IDRs in the Mtb proteome. 
The difficulty in predicting structural features of IDRs has previously hampered efforts 
to understand their functional roles. However, some ensemble properties are quantifi-
able and can provide information on 3D features and IDR function. These include the 
conformational entropy per residue (Sconf/N) and the Flory scaling exponent (ν), a 
measure of chain compactness. Recently, a predictor of Sconf/N and ν from sequence 

Fig. 4 (See legend on next page.)
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information, based on a support vector regression (SVR) model, was developed [34]. The 
predictor was trained on simulations of all the IDRs in the human proteome performed 
using CALVADOS (Coarse-graining Approach to Liquid–liquid phase separation Via an 
Automated Data-driven Optimisation Scheme) [72]. To assess whether the SVR model 
generates reliable results in the case of bacterial proteins, as well, we first inspected 
the Protein Ensemble Database (PED, https://proteinensemble.org) for ​e​x​p​e​r​i​m​e​n​t​a​
l​l​y measured structural ensembles of Mtb proteins [73]. Only one entry was available 
(PED00509), corresponding to the N-terminal region of FhaA (Rv0020c). In a solution 
NMR analysis [74], the 32 N-terminal residues of FhaA were shown to be disordered, a 
finding that perfectly matches with our prediction of a 32 AA IDR at the N-terminus of 
the protein. The radius of gyration (Rg), a length-dependent measure of compaction, for 
this IDR was experimentally determined to be of 16.86 Å [74] ​(​​​h​t​t​p​s​:​/​/​p​r​o​t​e​i​n​e​n​s​e​m​b​l​
e​.​o​r​g​/​e​n​t​r​i​e​s​/​P​E​D​0​0​5​0​9​​​​​)​. We next used coarse-grained (CG) force field simulations to 
estimate the Rg of the FhaA IDR, plus 24 Mtb IDRs of variable length. For the FhaA IDR, 
the Rg we obtained resulted to be very similar to the experimental measure (Fig. 4A), 
indicating that the CG simulations can reliably capture ensemble properties. We thus 
used the simulations to calculate Sconf/N and ν [34, 72] and compare them with values 
obtained from the SVR model. The results were very highly correlated for both param-
eters (Spearman’s rank correlation coefficients > 0.95, p values < 1 × 10–10) (Fig. 4B), indi-
cating that the SVR predictor is robust to sequence origin and can reliably estimate the 
conformational parameters for Mtb IDRs.

We thus used the predictor to calculate these parameters for all IDRs in the Mtb pro-
teome (n = 1351) (Additional file 4: Table S3). Results indicated that the average values of 
ν and Sconf/N amount to 0.55 (SD: 0.027) and 10.20 (SD: 0.124) and that, as expected, 
IDRs with low Sconf/N tend to be more compact [34] (Fig. 4C). Comparison with the 
same parameters calculated for IDRs from the human proteome, indicated that the 
distribution of ν and Sconf/N for Mtb IDRs are narrower than those of human IDRs 
(Fig.  4D). Also, bacterial IDRs have significantly higher conformational entropy and 
adopt less compact conformations compared to the human ones (Brunner Munzel test, 
both p values < 2.2 × 10–16) (Fig. 4D).

(See figure on previous page.)
Fig. 4  Sequence-ensemble-function relationships of Mtb IDRs. A Relationship between radius of gyration (Rg) and 
length for 25 selected IDRs. The experimentally determined Rg for the FhaA IDR [74] is shown in magenta, the value 
derived from coarse-grained (CG) molecular dynamics simulations is in green. B Correlations between Sconf/N and 
ν values obtained with the SVR predictor and using CG simulations for 25 IDRs. Statistical significance was evalu-
ated by Spearman’s rank correlations. C Correlation between Sconf/N and ν values obtained with the SVR predictor 
for all IDRs in the Mtb proteome. D Comparison of conformational parameters between human and Mtb IDRs. 
Sconf/N and ν values for the human proteome were derived from a previous work [34]. E Sequence-ensemble 
relationships for Mtb and human IDRs. The following parameters are plotted as a function of ν: IDR length, average 
residue stickiness (λ), sequence hydropathy decoration (SHD), fraction of charged residues (FCR), net charge per 
residue (NCPR), NARDINI z-scores for the patterning of positively and negatively charged residues (δ + −), nega-
tively charged residues (Ω −) and aromatic residues (Ωπ). Positive z-scores indicate that the distribution of the 
residues/residue types is clustered along the IDR, whereas negative z-scores suggest an evenly spaced distribution. 
All values are plotted as mean and standard error calculated in bins of ν values. F GO analysis of IDR Sconf/N and 
ν. Only significant terms are shown (p value < 0.01 after FDR correction). The scale represents the probability differ-
ence from Brunner Munzel tests. G AlphaFold2 model of the GrpE protein (grey cartoon and surface) together with 
a qualitative representation of the conformational ensemble of its N-terminal IDR (colored sticks). IDR conformers 
have been extracted from a CG simulation, by selecting one frame every 50 (for a total of 20 conformers). They have 
been then structurally aligned with respect to their last three residues (A45, D46, A47) which, in turn, have been 
superimposed to the main chain of the corresponding residues of the GrpE AlphaFold2 model. In this latter, the 
N-terminal (residues 1–44) and C-terminal (192–235) IDRs have been omitted

https://proteinensemble.org
https://proteinensemble.org/entries/PED00509
https://proteinensemble.org/entries/PED00509
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Previous analysis of human IDRs indicated that sequence features relate to confor-
mational properties. For instance, compared to extended IDRs, the compact ones were 
found to be longer, and to display higher average residue stickiness [34]. We thus sought 
to investigate whether similar sequence-ensemble relationships characterize Mtb IDRs. 
To this aim, we calculated the following parameters: average residue stickiness (λ, a mea-
surement of the strength of attractive intra-chain interactions) [72], sequence hydropa-
thy decoration (SHD, a measure of the patterning of hydrophobic residues [75], fraction 
of charged residues (FCR), and net charge per residue (NCPR) (Additional file 4: Table 
S3). For the calculation of other sequence patterning parameters, we instead adopted 
the approach implemented in NARDINI (Non-random Arrangement of Residues in 
Disordered Regions Inferred using Numerical Intermixing) to account for sequence 
composition and length [76]. Specifically, NARDINI quantifies the extent of mixing or 
segregation of different pairs of amino acid types and computes z-scores that derive 
from the comparison of a given sequence with the distribution obtained from scrambled 
sequences of the same length and composition. Using this approach, for each IDR we 
calculated the patterning of positively and negatively charged residues (z(δ + −)), as well 
as the clustering of negatively charged (z(Ω −)) and aromatic (z(Ωπ)) residues (Addi-
tional file 4: Table S3).

In analogy to observations in the human proteome, we found that compact Mtb 
IDRs tend to be longer than those that adopt an extended conformation [34] (Fig. 4E). 
Comparison of sequence features with human IDRs indicated similar trends, whereby 
λ peaks at values of compaction between 0.4 and 0.5, and z(δ + −) and z(Ω −) decrease 
with increasing ν, suggesting an important role for electrostatic interactions in driving 
compaction (Fig.  4E). The clustering of hydrophobic residues also has a similar trend 
as in human IDRs, whereas z(Ωπ) is more difficult to evaluate, due to few available data 
points (Fig.  4E). The most notable difference between human and Mtb IDRs is their 
overall fraction of charged residues, which is lower in the bacterial sequences, especially 
in the extended ones (Fig. 4E). Mtb IDRs with high ν are also considerably less acidic 
than those adopting a similarly extended conformation in the human proteome (Fig. 4E).

Finally, we aimed to explore ensemble-function relationships. In eukaryotes, IDR com-
paction was shown to relate to specific protein functional classes or localization [34, 77–
79]. For instance, compact IDRs were reported to be associated with chromatin binding 
and to be more likely to promote phase separation (PS) [79]. Although PS is still poorly 
explored in bacteria, an ATP-binding cassette (ABC) transporter of Mtb (encoded by 
Rv1747) undergoes phosphorylation-dependent PS and forms higher-order nanoclus-
ters within the cell membrane [80]. The ABC transporter is the only Mtb protein known 
to undergo PS and our estimates of conformational parameters indicate that it contains 
a compact IDR with low conformational entropy (Sconf/N = 10.015, 8th percentile; 
ν = 0.531, 22th percentile). Thus, to investigate the association of IDR conformational 
properties with the biological function and localization of the corresponding proteins, 
we again resolved to GO analysis. We thus tested whether in proteins associated to a 
given GO term, the probability of finding compact IDRs or IDRs with low Sconf/N is 
greater or smaller than it is in proteins that are not associated to the same term. Analy-
ses indicated a significant enrichment of compact IDRs with low entropy only in Mtb 
proteins that counteract the host immune response (Fig.  4F). The low-entropy frac-
tion comprised several PE/PPE family members, including some PE-PGRS proteins 
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(Additional file 4: Table S3). Conversely, we found that expanded IDRs or IDRs with high 
conformational entropy are preferentially located in ribosomal proteins that participate 
in translation, in proteins that have a role in fatty acids metabolism, as well as in those 
that contribute to cell wall assembly (Fig. 4F). Interestingly, two of the IDRs having high-
est conformational entropy are located at the N- and C-terminus (85.1th and 99.9th per-
centiles) of the GrpE protein. As a cofactor of the DnaK chaperone, GrpE functions in 
the response to hyperosmotic and heat shock [81]. A recent cryo-EM study showed that 
the DnaK − GrpE complex is dynamic and undergoes a series of defined motions, and 
that the N-terminal IDR is essential for substrate release from DnaK. The authors pro-
posed that the IDR drives the movements of DnaK to allow its function [81]. We thus 
used coarse grained simulations to represent the conformational ensemble of the GrpE 
N-terminal IDR. The simulations confirmed a wide variety of conformers, in line with 
high Sconf/N (Fig. 4G).

Human proteins that are engaged in PPIs with Mtb tend to be slow evolving

Host proteins that interact with microbial and viral components are often engaged 
in host–pathogen conflicts and tend to be fast evolving [63, 82, 83]. Also, one report 
showed that human-proteins that establish PPIs with viral proteins have a higher IDR 
fraction than those that do not [84]. We thus aimed to study the evolution and IDR com-
position of the 238 human proteins that we found to directly interact with Mtb proteins 
(Fig.  2C, Additional file 3: Table S2). Using the same AlphaFold2-based approach we 
applied to predict Mtb IDRs, we thus analyzed 19,852 human proteins and, in line with 
previous estimates, we found 31.6% of the proteome to be disordered [34] (Additional 
file 6: Table S5).

We first asked whether human proteins that interact with Mtb have a higher IDR frac-
tion. This was not the case and, instead, the opposite situation was observed, although 
the difference did not reach the conventional cutoff for significance (Brunner Munzel 
test, p = 0.088) (Fig. 5A, Fig. 2C, Additional file 6: Table S5).

We next compared the relative evolutionary rates of Mtb-interacting proteins with 
those of proteins that do not interact with Mtb using two approaches. (1) We obtained 

Fig. 5  Characterization of human proteins that interact with Mtb. A Comparison of the IDR fraction in proteins 
that do or do not interact with Mtb proteins (p value from Brunner Munzel test). B Evolutionary rates of proteins 
that interact with Mtb vs those that do not interact. Two measures of dN/dS are shown: on the left, Z-scores of dN/
dS that quantifies the divergence of human genes relative to the ancestral primate genome; on the right, a mea-
sure of dN/dS obtained from of human variation data (missense and synonymous variant counts in ExAC). Both 
p values derive from Brunner Munzel tests. C Average expression level in 50 human tissues for human genes that 
participate or do not participate to PPIs with Mtb proteins. Levels are expressed as average consensus normalized 
expression (nTPM, normalized transcripts per million) (p value from Brunner Munzel test). D Comparison of the 
fraction of essential proteins among those that interact or do not interact with Mtb (p value from Fisher Exact Test). 
E Comparison of the number of human–human interactions for proteins that interact or do not interact with Mtb 
(p value from Brunner Munzel test)
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adjusted dN/dS ratios from a previous work that analyzed 11,667 orthologs in primates 
[85]. In particular, the authors calculated a measure that represents the Z-score (cor-
rected for GC content) that quantifies the divergence of human genes relative to the 
ancestral primate genome. (2) We retrieved a dN/dS measure of human variation from 
an analysis of 7506 genes [86] (Additional file 6: Table S5). Specifically, the estimate is 
based on missense and synonymous variant counts from the ExAc database. The two 
measures resulted to be correlated although not very strongly (Spearman’s rank corre-
lation, R = 0.30, p = 2.2 × 10–16). This is expected as they capture evolutionary rates over 
very different time periods and the estimate based on human variation data most likely 
incorporates several mildly deleterious mutations that are maintained in the population 
because selection had no time to eliminate them. Using both measures, we observed that 
Mtb interacting proteins are significantly more conserved than the ones not interacting 
with Mtb (Brunner Munzel test, p = 0.045 and 3.96 × 10–5) (Fig. 5B).

Next, we studied another factor known to be associated with conservation, gene 
expression level [87] (Additional file 6: Table S5). By calculating the average transcript 
expression level across 50 human tissues using the Human Protein Atlas (HPA) con-
sensus tissue data [88], we observed that genes encoding Mtb-interacting proteins have 
significantly higher expression than genes encoding proteins that are not reported to 
interact with Mtb (Brunner Munzel test, p-value < 2.2 × 10–16) (Fig. 5C).

We next focused on gene essentiality measures using a dataset of 1,103 human essen-
tial genes [89] which were identified using several in vitro and in vivo assays (Additional 
file 6: Table S5). We found that a significantly higher fraction of Mtb-binding proteins are 
encoded by essential genes (28 proteins, 11.7%) compared with genes that do not encode 
Mtb-interacting proteins (1060 proteins, 5.3%) (Fisher’s exact test, odds ratio = 2.41, p 
value = 1.03 × 10–4) (Fig. 5D).

Finally, we analyzed human interactome data from the STRING database [90]. We 
restricted our analysis to high-confidence physical interactions (n = 41,764) and we 
observed that human proteins that interact with Mtb have significantly higher degree 
centrality (i.e., more interactions in the human interactome) than proteins that are not 
known to bind Mtb proteins (Brunner Munzel test, p-value = 1.16 × 10–7) (Fig. 5E, Addi-
tional file 6: Table S5).

Overall, these data indicate that human proteins engaged by Mtb in PPIs are evolu-
tionary constrained, often essential and highly expressed, and interact with many other 
human proteins.

Comparison with other mycobacteria and human-infecting bacteria

The analyses above were conducted using the proteome of the reference Mtb strain, 
which has a long history of laboratory usage [91]. We thus decided to investigate 
whether IDR content is similar in clinical isolates. We selected 5 isolates from different 
continents, obtained their proteomes and used AlphaFold2 to obtain structural models 
of orthologous proteins that were found in all isolates (n = 2235) and in the H37Rv pro-
teome. We then used the AlphaFold2-based method to identify IDRs. We found that all 
clinical isolates have a similar fraction of residues embedded in IDRs as the reference 
strain (Additional file 2: Fig. S4). At the individual protein level, very strong correlations 
between the IDR fraction in the H37Rv proteome and in either of the clinical isolate 
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proteomes were detected (Kendall’s correlation coefficients higher than 0.88, all p val-
ues < 2.2 × 10–16) (Additional file 2: Fig. S4).

We next sought to compare the fraction of residues in IDRs among different myco-
bacteria. From the Mycobrowser portal (https://mycobrowser.epfl.ch/) we selected four 
mycobacteria for which reference proteomes are available [92]. One of them, M. bovis, 
is part of the Mycobacterium tuberculosis complex and causes TB in humans and other 
animals. Two other mycobacteria, M. leprae (the causative agent of leprosy) and M. 
marinum, are also pathogenic, whereas M. smegmatis is usually considered a non patho-
genic bacterium [93–95]. Due to different evolutionary histories and ecological charac-
teristics, these bacteria have proteomes of variable sizes, ranging from 1603 proteins in 
M. leprae to more than 6600 in M. smegmatis. Calculation of the IDR fraction in the 
proteomes of these mycobacteria indicated a similar IDR fraction as in Mtb (Fig.  6A, 
Additional file 7: Table S6).

To perform a more direct comparison, we identified one-to-one orthologs in the 
genomes of these mycobacteria. A total of 608 protein-coding genes present in all five 
mycobacteria were found (hereafter referred to as core genes) (Additional file 8: Table 
S7). In line with the results obtained above for essential/non essential genes, the IDR 
fraction was lower in the proteins encoded by these core genes compared to the full pro-
teomes, and very similar among the five species (Fig.  6A). Consistently, in all species 
with the exclusion of M. smegmatis, non core proteins had significantly higher IDR frac-
tions than the core ones (Fig. 6B).

Previous studies of the IDR fraction in prokaryotic proteins provided average esti-
mates ranging from 4 to 10%, depending on the study, the methodology, and the ana-
lyzed species [96–98]. We thus aimed to put our results in a wider context by comparing 
the IDR fraction in mycobacteria proteomes with other bacteria that infect humans. We 
thus obtained a list of human-infecting bacterial pathogens [99] and we selected the ones 
for which a reference proteome was available. Of these we retained those that had at 
least 90% of proteins available in the AlphaFold Structure database. A total of 1,712,841 
proteins from 540 proteomes were analyzed (Additional file 9: Table S8). We observed a 
wide variation in the average fraction of residues embedded in IDRs for these bacterial 
proteomes, ranging from 2.4% in Campylobacter jejuni (subsp. Jejuni) to 35.5% in Myco-
bacteroides abscessus (subsp. abscessus) (Fig. 6C). The IDR fraction of Mtb corresponds 
to the 71th percentile in this distribution. The overall IDR fraction was unrelated to pro-
teome size (Spearman’s rank correlation, R = −0.03, p = 0.46) and only weakly correlated 
with the genomic GC content (Spearman’s rank correlation, R = 0.17, p = 8.1 × 10–5).

We next asked whether the high IDR fraction in some proteomes was due to more 
proteins with IDRs or to longer IDRs. Depending on the proteome, both cases were 
observed and the ones having a very high IDR fraction had both IDRs longer than the 
average and more IDR-containing proteins (Fig.  6C, Additional file 9: Table S8). As 
expected, IDR content was found to vary with taxonomic classification: clear differences 
were evident among phyla, although considerable intra-phylum variance was evident. 
Bacteria in the Spirochetota, Mycoplasmatota, Chlamydiota, Actinomycetota, and Ther-
modesulfobacteriota showed, on average, the highest IDR content (Fig. 6D, Additional 
file 9: Table S8). Moreover, several proteomes were outliers, including the above-men-
tioned M. abscessus and Rothia mucilaginosa (Fig. 6D).

https://mycobrowser.epfl.ch/


Page 15 of 30Pozzoli et al. Genome Biology          (2025) 26:387 

Finally, we investigated how IDR ensemble properties vary within and among bacterial 
proteomes and in comparison to the human proteome. We thus selected 10 bacterial 
species to be representative of different phyla (Actinomycetota is represented by Mtb) 
and we used the SVR predictor [34] to calculate ν and Sconf/N (Additional file 10: Table 
S9). Results indicated that the distributions of Sconf/N are wider than those of ν and 
display more variability among proteomes (Fig. 6E). In general, bacterial IDRs from all 
species have higher conformational entropy and are less compact than human IDRs.

Fig. 6  Comparison with other mycobacteria and bacteria in different phyla. A The average IDR fraction in the 
proteomes of five mycobacteria is shown together with the average fraction calculated for 608 core genes. B 
Comparison of the IDR fraction between core and non core proteins in the five mycobacteria. All p values derive 
from Brunner Munzel tests. C The distribution of the average IDR fraction in the proteomes of 540 bacterial species 
that infect humans is shown in the inset. For the same proteomes, the fraction of proteins with at least one IDR is 
plotted against average IDR length (in amino acids). The hatched lines correspond to the 75.th percentiles of both 
distributions. D Comparison of IDR fraction among bacteria in different phyla. The hatched line corresponds to the 
median calculated for all proteomes. E Conformational parameters (Sconf/N on the left, ν on the right) calculated 
for all IDRs in the proteomes of 11 bacterial species selected to be representative of different phyla. The same distri-
bution for IDRs in the human proteome is also reported [34]. To increase the resolution, extreme values (lower than 
the 0.001 or higher than the 0.999 percentiles in the distribution of all values) were removed. Curves are colored to 
correspond to the phylum each species belongs to (as per D panel)
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Overall, these results underscore a wide diversity in the representation of IDRs in 
bacterial proteomes and only partial association between IDR fraction and taxonomic 
classification. Bacterial IDRs also differ in terms of conformational features from human 
IDRs, specifically in terms of higher conformational entropy.

Discussion
Possibly because they are less abundant than in eukaryotes (and in some viruses), sur-
prisingly little is known about the distribution, function and evolution of IDRs in pro-
karyotes, including human-infecting bacteria. Whereas a few studies have investigated 
the biochemical and functional features of specific IDRs [19–31, 81], systematic analyses 
are missing and a number of questions remain unanswered. After benchmarking differ-
ent disorder prediction tools, we dissected the distribution of IDRs in the Mtb proteome. 
Our data clearly point to a role of these protein regions in contributing to bacterial 
virulence, interaction with the human host, and control of immune responses. Consis-
tently, IDRs are particularly abundant in membrane and secretory proteins. Mtb infects 
macrophages and establishes a niche as an intracellular pathogen by thwarting immune 
responses. Within macrophages, Mtb persists and replicates in the phagosomes, which 
the bacilli permeabilize so that secreted bacterial proteins leak into the cytosol. Also, 
Mtb can arrest phagosome maturation and translocate into the cytosol, where its pro-
teins are directly secreted [4]. Several secretory proteins have specific eukaryotic signa-
tures or can interact with host proteins to modulate host immune functions [100–102]. 
Like in many other bacteria, protein secretion in Mtb relies on different secretion sys-
tems (e.g., ESX-1 to ESX-5) that transport proteins, including PE–PPE/PGRS family 
members, beyond the cytoplasmic membrane and/or beyond the cell wall [103]. Secre-
tion systems include membrane proteins, several of which represent virulence factors 
[102, 103]. For instance, most of the core components of ESX/type VII secretion systems 
(EccB, EccD, and EccE) are membrane-associated virulence factors with variable IDR 
fraction [102–104].

Another class of proteins associated with a high fraction of IDRs is that involved in 
lipid transport and biosynthesis. This is particularly interesting in light of Mtb biology. 
In fact, the bacterium is characterized by a unique cell wall structure that includes an 
outer membrane composed of various lipopolysaccharides and very long-chain fatty 
acids (mycolic acids). This lipid-rich cell wall forms a low-permeability barrier that 
makes the bacterium naturally resistant to several antibiotics, but also dependent on 
specialized transport molecules that scavenge lipids and other nutrients from the host 
cell [105–108]. Among lipid transporters, members of the mce (mammalian cell entry) 
family have been implicated in Mtb virulence [105, 109] and we found that most mce 
proteins contain IDRs. Related to this, it is worth noting that IDRs within proteins with 
different functions were found to have distinct conformational properties. Specifically, 
those involved in lipid binding and biosynthesis tend to have IDRs with high confor-
mational entropy. Most studies of interaction between lipids and IDRs have focused on 
membrane proteins [110–114]. Very recently, an analysis of prenylated IDRs in small 
GTPases showed that conformational plasticity is a key determinant of lipid sorting and 
that lipid interactions are conformation-dependent [115]. Although these results derive 
from a very different system, it will be extremely relevant to determine whether the 
ensemble properties of Mtb IDRs affect the extent and repertoire of lipid binding and if 
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this is related to changes in lipid availability or other environmental challenges. At the 
opposite side of the spectrum, we observed that compact IDRs with low conformational 
entropy are primarily found in proteins that counteract the host immune response. As 
mentioned above, chain compactness is a feature of proteins that promote PS [34, 79]. 
Little is known on PS in bacteria, however recent evidence indicated that the lactoferrin-
binding protein B secreted by Moraxella bovis uses an IDR to promote the formation of 
biomolecular condensates that sequester antimicrobial peptides [30]. Thus, an intriguing 
possibility is that some Mtb proteins hijack host immune responses by forming molecu-
lar condensates, for instance to segregate effector molecules.

We were also highly interested in determining whether, as previously shown for 
eukaryotes and viruses [16, 48–53], IDRs evolve at a faster rate than folded domain. We 
found it to be the case for Mtb and our data show that this effect is not simply related 
to protein function. A common explanation for the rapid evolution of IDRs is that, 
because they experience limited structural constraints, they are more tolerant to change 
[16]. Whereas this may partially explain our results, it is worth noting that up to 25% of 
pathogenic missense mutation in humans are estimated to occur within IDRs [116] and 
amino acid replacements in IDRs were found to increase fitness and promote host adap-
tation in viruses [117, 118]. This clearly implies that amino acid changes within these 
regions can have important functional consequences and that IDRs do not simply evolve 
by relaxation of selective constraints. Indeed, we report that IDRs represent a major tar-
get of positive selection in Mtb. We hypothesize that, on one hand Mtb uses fast-evolv-
ing IDRs to interact with host molecules, but also that IDRs might serve the function 
of environmental sensors that promote bacterial adaptation and response to different 
stresses. This is in line with the idea that IDRs, due to their dynamic conformations and 
solvent accessibility, are perfectly suited to function in physicochemical sensing [119]. 
Conversely, positive selection in Mtb IDRs is unlikely to be mediated by immune selec-
tion. In fact, we show that these regions are a poor source of peptides for antigen presen-
tation. Contrasting data are available in the literature concerning the ability of IDRs to 
generate peptides that can be loaded onto HLA class II molecules. On one hand, immu-
nopeptidome data from endogenous proteins showed that disorder is associated with 
a smaller number of presented epitopes [120]. Likewise, epitope prediction analyses of 
both endogenous and pathogen-derived proteins indicated that IDRs contain relatively 
fewer HLA class II binding peptides than folded domains [65, 121]. On the other hand, 
immunopeptidome analyses of human-infecting viruses showed that IDRs are an active 
source of peptides [122, 123]. For instance, the nucleocapsid protein of SARS-CoV-2 has 
three IDRs [124] that, based on recent immunopeptidome data, generate epitopes with 
similar efficiency as folded domains [123]. An interesting possibility, which will require 
additional investigation, is that specific IDR properties modulate antigenicity. As an 
important corollary, our analysis of Mtb epitopes indicated that these regions are not 
hyperconserved. Whereas the possible reasons for discrepancy with previous data [70, 
71] are reported above, this observation represents a shift in the paradigm whereby Mtb 
might benefit from recognition by human CD4 + T cells [71]. However, our failure to 
detect a significant enrichment of positive selection signals within epitopes suggests that 
the immuno-mediated selective pressure is very weak.

The observation that Mtb uses fast evolving IDRs to interact with its host is in principle 
consistent with a genetic conflict scenario. Typically, this results in cyclical adaptation 
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and counter-adaptation that drives the rapid evolution of interacting pathogen and host 
proteins [63]. Host–pathogen genetic conflicts were described in a number of instances 
in the context of bacterial, viral and parasitic infections [63]. However, our analysis of 
human proteins that interact with Mtb indicated just the opposite: these proteins are 
more conserved than the average in the human proteome, and this was observed using 
evolutionary rate estimates measured along different time frames. Indeed, we also found 
that Mtb-interacting proteins are often essential, are widely expressed, and engage in 
several PPIs with endogenous proteins. Their essentiality, possible pleiotropic function 
in the multiple tissues where they are expressed, and the necessity to maintain multiple 
interactions are the likely determinants of their constrained evolution. Whereas these 
data are not in line with the genetic conflict scenario, they resonate with recent find-
ings in virus-host interactions, whereby rapidly evolving viral motifs, often embedded in 
IDRs, preferentially target conserved and highly expressed essential host proteins [125]. 
This confers a selective advantage to the virus, as the host is locked in its ability to evolve 
in response to deleterious interactions with viral proteins. Apparently, Mtb has adopted 
a similar strategy and mutations in human proteins that prevent interaction with Mtb 
are unlikely to reach high frequency as they may have a strong deleterious effect on host 
fitness. Considering that Mtb is a human-adapted pathogen with no other natural hosts, 
these observations raise the question of what is the selective pressure driving the evo-
lution of IDRs in the bacterial proteome. Growing evidence indicates that the genetic 
diversity of Mtb, which is structured into ten human-adapted lineages (L1–L10), has 
phenotypic and clinical relevance [126, 127]. Indeed, differences among lineages, and 
even within lineages, were described in terms of virulence, transmissibility, intracellular 
survival, induction of host responses, disease presentation, drug resistance, and other 
traits [126, 127]. The ten lineages also show distinct geographic distributions, with some 
occurring globally and others being geographically restricted [126, 127]. It has been sug-
gested that the epidemiological success of distinct lineages results from different factors, 
including human migrations, but also by the adoption of different evolutionary strate-
gies [126]. For instance, compared to L2, L3, and L4, L1 is more often associated with 
extrapulmonary disease and it is more likely to cause asymptomatic TB [128–130]. L1 
has a reduced transmission rate per unit of time, but it is associated with a longer dura-
tion of the infectious period [131]. While this probably explains why L1 was not out-
competed by the more virulent lineages, it suggests that lineage-specific interactions 
with the host occur. Amino acid changes in IDRs can alter conformational properties or 
create/disrupt embedded motifs, which can facilitate rewiring of interactions with host 
factors (e.g. by strengthening/weakening existing interactions, or by evolving a motif to 
form a new interaction) [132–135]. In addition to genetic factors, human hosts differ in a 
number of relevant parameters, including population density, nutritional health, climatic 
environment, and co-infection status. The latter is particularly relevant, as TB is com-
mon in people living with HIV and previous studies have indicated that specific lineages 
are preferentially associated with seropositivity [127]. It is thus possible that the altered 
immune responses of HIV-infected patients exerts a selective pressure on Mtb, as the 
bacilli are dependent on the host response to promote granuloma formation. Finally, evi-
dence of Mtb genetic diversity at the intra-host level, which results from either bacterial 
microevolution or mixed infections, sets the basis for competition and, consequently, 
natural selection [126]. While these considerations may account for our observations, 
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they by no means imply that human genetic diversity has no effect on Mtb infection, as 
documented by several associations [126]. Overall, these observations open a new sce-
nario in our understanding of bacterial interactions with their hosts and indicate that the 
classical arms race paradigm is not universal.

We should add that a previous analysis on a subset of the Mtb interacting proteins we 
studied herein indicated a higher frequency of positive selection in recent human evo-
lutionary history compared with proteins that do not interact with the bacterium [136]. 
Being based on the integrated haplotype score (iHS), the approach used by Penn and 
coworkers is very different from the one we applied herein. Because iHS identifies recent 
selection signatures by searching for unusually long haplotypes, it equally detects selec-
tion driven by coding and noncoding variants [137]. Indeed, estimates in humans indi-
cated that selective sweeps driven by regulatory noncoding polymorphisms were much 
more abundant than those resulting from nonsynonymous changes [138]. Conversely, 
we were interested in capturing the evolutionary rate within coding sequences, as this 
translates into amino acid differences that may affect human-Mtb PPIs.

Our study has limitations. Whereas we applied and combined different methods to 
identify IDRs in Mtb proteins, all of them rely on predictions. Thus, as was the case 
with Metapredict and SPOT-Disorder, we cannot exclude that the AlphaFold2-based 
approach we applied has biased our IDR estimates in some proteins/protein families. 
Likewise, conformational parameters were derived from an SVR predictor. Although 
we performed coarse-grained simulations to verify the performance of the predictor 
with bacterial proteins, some discrepancies might exist in the wider repertoire of ana-
lyzed proteins. The most severe limitation of our study is probably the availability of a 
small number of known human-Mtb PPIs. The majority of such PPIs derive from high-
throughput methods that focused on secreted and membrane proteins [136, 139]. Oth-
ers derived from databases or recent reviews of the literature that collected information 
from different sources [4, 100]. Thus, some of these PPIs might be biased by scientific 
interest or by technical simplicity of working with specific proteins. Another potential 
caveat is that information about LTB and ATB epitopes was derived from a relatively 
small number of infected subjects [68, 69]. This is a reason for concern because HLA 
class I and class II genes are highly polymorphic in human populations and the analyzed 
subjects are clearly not representative of the overall genetic diversity. Whereas this may 
bias the identification of recognized epitopes, we decided to limit our analysis to studies 
that used high-throughput peptide assays to avoid biases related to the choice of specific 
proteins or antigens.

Conclusions
Our data underscore wide variations in IDR representation and conformational proper-
ties among bacterial proteomes, possibly suggesting that structural disorder performs 
different functions in distinct bacteria, and that it has a diverse impact on proteome 
features. In Mtb, IDRs contribute to the interaction with the human host, they are fast 
evolving and poorly antigenic. Based on the distribution of structural disorder, we also 
suggest that Mtb also uses IDRs to sense and interact with its environment, a hypothesis 
that will need experimental validation. From a more methodological perspective, our 
data underscore the need for benchmarking disorder prediction tools, especially when 
proteomes that contain unique protein families or domains are analyzed. Conversely, 
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the estimation of IDR conformational properties using methods that were trained on 
eukaryotic proteomes is robust to use on bacterial proteins.

Methods
Proteomes and structure models

The reference proteome of Mtb strain ATCC 25618/H37Rv (UP000001584) was down-
loaded from UniProt. Of 3,995 proteins, 3,950 were available in the AlphaFold struc-
ture database and had the same length as in Uniprot. For the human proteome 
(UP000005640), we downloaded the list of reviewed (Swiss-Prot) canonical proteins 
(20,420). Of these, 19,852 were available in the AlphaFold structure database. The list of 
other bacterial proteomes, their protein numbers and matches in the AlphaFold struc-
ture database are available in Tables S6 and S8.

The structure of PE-PGRS16 (Uniprot: Q79FU3) was downloaded from the Alpha-
Fold structure database together with pLDDT scores and visualized using Pymol 
(PyMOL(TM) Molecular Graphics System, Version 2.4.0, Schrödinger, LLC).

For clinical isolates, five were selected to be representative of different continents: 
INS_MDR (UP000022296, Peru), BTB07-246 (UP000025451, Sweden), A70376 
(UP000043524, Uganda), TBMENG-03 (UP000251908, India), SBH70 (UP000438333, 
Malaysia).

Model predictions

When structural models were not available in the AlphaFold database (this was the case 
of the Mtb clinical isolate proteomes and of several proteins from Dietzia cinnamea, 
Gordonia bronchialis, Corynebacterium diphtheriae, Nocardia abscessus or N. farcinica, 
and Prescottella equi), we predicted them using AlphaFold2 through the LocalColab-
Fold tool [140]. Each protein was modeled as a monomer, we estimated 5 models, ran 3 
prediction recycles, and selected the one ranked best. All other parameters were set as 
default.

Disorder prediction

We used different tools to predict disordered residues and IDRs. The Metapredict tool 
[32, 33] defines IDRs by applying a deep-learning algorithm based on a consensus score 
calculated from eight different disorder predictors [32]. Metapredict V2 was run using 
default parameters and IDRs were defined as consecutive disordered stretches longer 
than 30 residues.

AlphaFold2-based predictions [35] were generated as recently suggested by a study 
that analyzed the human proteome [34]. Briefly, we used the protti R package [141] to 
derive pLDDT scores from the AlphaFold structure database ​(​​​h​t​t​p​s​:​/​/​A​l​p​h​a​F​o​l​d​.​e​b​i​.​a​c​
.​u​k​/​​​​​) [35]. We next generated window-averaged pLDDT scores using a window size of 
15 AA [142]. Residues with ⟨pLDDT⟩ > 0.8, were considered as folded, and those with 
⟨pLDDT⟩ < 0.7 were labeled as disordered. Residues with 0.7 ≤ ⟨pLDDT⟩ ≤ 0.8 were ini-
tially defined as gap regions. Next, folded and disordered regions shorter than ten 
residues were reclassified as gaps. Gap regions were then reassigned to the disordered 
fraction if they were flanked by disordered regions on both edges or on one single edge 
when N- or C-terminal. All other gap regions were instead relabelled as folded. IDRs 
shorter than 30 residues were discarded.

https://AlphaFold.ebi.ac.uk/
https://AlphaFold.ebi.ac.uk/
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IDRs in PE-PGRS proteins were also predicted using SPOT-DISORDER-Single [36], 
which takes as input a protein sequence and, using an ensemble of deep neural net-
works, estimates short and long disordered regions. The program was run using default 
parameters and we only retained IDRs longer than 30 amino acids.

The sequences of all identified IDRs in the proteomes of Mycobacterium tuberculosis, 
Chlamydia trachomatis, Desulfovibrio legallii, Fretibacterium fastidiosum, Fusobacte-
rium nucleatum, Helicobacter pylori, Leptospira interrogans, Mycoplasma pneumoniae, 
Neisseria meningitidis, Porphyromonas gingivalis, and Staphylococcus aureus are avail-
able as Additional data (Additional file 11: Datasets S1 to S11).

Comparison with experimentally solved protein structures

To evaluate the performance of the three disorder predictors, we leveraged experimen-
tally determined structures, where regions that fail to be resolved (missing residues) 
are likely to represent IDRs [43]. The structures of all available Mtb (strain H37Rv) 
structures were downloaded from the Protein Data Bank (PDB) [42]. A total of 1753 
structures were available, corresponding to 594 unique proteins. For computational 
tractability, we limited analysis to X-ray diffraction experiments and we discarded het-
eromultimers. For each protein, we then retained the structure covering the full protein 
and with the best resolution (n = 229) (Additional file 1: Table S1). These PDB files were 
parsed to derive missing residues (gaps). Gaps longer than 29 residues were considered 
IDRs. We next compared the gap locations from the PDB files with the IDR predictions 
obtained from AlphaFold2, Metapredict, and SPOT-Disorder. Specifically, we calculated 
the Matthews Correlation Coefficient (MCC) and the F1 score. These metrics are appro-
priate for binary predictors and MCC is reliable even when the classes are imbalanced 
(as in this case where IDRs account for a much lower fraction of residues than folded 
regions) [44–47].

Functional characterization of Mtb proteins

Data on protein essentiality were retrieved from a previous screen based on transposon 
mutagenesis [143]. We considered in the essential category proteins encoded from genes 
classified as “required for optimal growth” and “slow growth when mutated”. Non-essen-
tial genes were classified as in the original publication. Information on essentiality was 
available for 3156 proteins present in our dataset (Additional file 1: Table S1).

A list of 58 genes involved in antibiotic resistance was derived from the Comprehen-
sive Antibiotic Resistance Database (CARD) database (https://card.mcmaster.ca/, ver-
sion 3.2.9, 2024–02–13 release) [144], whereas 251 proteins involved in Mtb virulence 
were derived from the virulence factor database (VFDB, ​h​t​t​p​:​/​/​w​w​w​.​m​g​c​.​a​c​.​c​n​/​V​F​s​/​​​​​) 
[145] (Additional file 1: Table S1). GO terms were derived from QuickGO ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​
e​b​i​.​a​c​.​u​k​/​Q​u​i​c​k​G​O​/​​​​​) using the protti R package [141].

Protein–protein interaction analysis

We obtained the list of interactions between Mtb proteins and between human proteins 
from the STRING database [90] (version 12.0). Specifically, we included only physi-
cal interactions that are based on experiments. We only retained high-confidence PPIs 
(interaction score > 0.70). Using these criteria, we obtained 2835 Mtb PPIs and 41,764 
human PPIs.

https://card.mcmaster.ca/
http://www.mgc.ac.cn/VFs/
https://www.ebi.ac.uk/QuickGO/
https://www.ebi.ac.uk/QuickGO/
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To identify Mtb proteins that physically interact with human proteins, we leveraged 
different sources. Thus, the majority of interactions were derived from two relatively-
large scale analyses that used a high-confidence mass spectrometry approach [136] 
or a yeast-2-hybrid system (only validated interactions were included) [139]. We also 
included PPIs deriving from two recent reviews [4, 100], as well as from host–pathogen 
interaction databases: PHISTO (Pathogen-Host Interaction Search Tool, ​h​t​t​p​s​:​/​/​w​w​w​.​p​
h​i​s​t​o​.​o​r​g​/​​​​​)​, and Host–Pathogen Interaction Database (HPIDB 3.0, ​h​t​t​p​s​:​/​/​h​p​i​d​b​.​i​g​b​b​.​m​s​
s​t​a​t​e​.​e​d​u​/​​​​​) [146, 147] (Additional file 3: Table S2). The human-Mtb interaction network 
was visualized with Cytoscape v 3.9.1 (https://cytoscape.org/) [148].

Mtb protein evolutionary rates and positive selection analysis

Gene-wise and codon-wise estimates of dN/dS were obtained from a previous work that 
used the GenomegaMap method to analyze 3,979 genes from 10,209 Mtb genomes from 
the CRyPTIC Consortium [54, 149]. Of these genes, 3778 were present in our dataset, 
amounting to 1,267,180 codons. For both genes and codons, we used the merged esti-
mates from the site and window models. Positively selected codons were defined as hav-
ing a probability ≥ 0.90 of dN/dS > 1, as in the original publication [54].

Human protein evolutionary rate analysis

To study the relative evolutionary rate of protein coding sequences we used two sepa-
rate datasets. 1) Normalized dN/dS for 11,667 1:1 orthologs in primates, as estimated by 
Dumas and coworkers [85]. The authors adjusted the dN/dS ratios for biases induced by 
variations of mutation rate with the GC content of codons and renormalized the values 
obtained for each taxon across the whole genome. The final values represent the Z-score 
corrected for GC content that quantifies the divergence of human genes relative to the 
ancestral primate genome [85]. 2) A dN/dS measure of human variation, which was 
obtained by correcting the observed unique missense and synonymous variant counts in 
a gene (as derived from ExAC) for the total possible missense and synonymous variants 
in that gene based on the codon table [86].

Human gene expression levels and gene essentiality analysis

Consensus transcript expression levels summarized per gene in 50 tissues based on 
transcriptomics data from the Human protein Atlas (HPA) and GTEx were downloaded 
from the HPA website (https://www.proteinatlas.org/about/download) [88] (Additional 
file 6: Table S5). The consensus normalized expression (nTPM, normalized transcripts 
per million) value is calculated as the maximum nTPM value for each gene in the two 
data sources. Values were averaged across tissues.

We used a dataset of 1,103 essential genes, assembled by Bartha et al. [89]. For 1088 
of these genes, the corresponding protein was present in our database. We considered 
a gene to be essential if it was found to be essential in at least one of the three main 
screens used in this work.

Epitope mapping and analysis

Epitope sequences were derived from two studies that defined the T cell responses in 
LTB and ATB [68, 69]. Epitopes were mapped to Mtb proteins using protein BLAST. 
When a particular epitope had more than one equally likely hit (in the case of epitopes 

https://www.phisto.org/
https://www.phisto.org/
https://hpidb.igbb.msstate.edu/
https://hpidb.igbb.msstate.edu/
https://cytoscape.org/)
https://www.proteinatlas.org/about/download
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deriving from paralogous proteins) it was assigned to all of them. Epitopes mapping to 
proteins for which IDR information was not available (i.e., not present in the Alpha-
Fold structure database) were discarded. Because of extensive epitope overlapping 
(also between ATB and LTB), epitopes covered the following numbers of codons: all 
(n = 7615), ATB (n = 2081), LTB (n = 6052).

Analysis of IDR conformational properties and sequence patterns

The conformational entropy per residue (Sconf/N) and the Flory scaling exponent (ν) 
were calculated for all bacterial IDRs identified using the AlphaFold2-based approach 
described above. Sconf/N is a measure of the landscape of different structures accessible 
to an IDR. ν derives from the scaling laws of polymers that describe how chain dimen-
sions vary as a function of chain length [150]. Both parameters were estimated using a 
Colab notebook (​h​t​t​p​s​:​​/​/​c​o​l​​a​b​.​r​e​s​​e​a​r​c​​h​.​g​o​o​​g​l​e​.​c​​o​m​/​g​i​t​​h​u​b​/​​K​U​L​L​-​​C​e​n​t​r​​e​/​_​2​0​2​​3​_​T​e​​s​e​i​_​
I​​D​R​o​m​e​​/​b​l​o​b​/​​m​a​i​n​​/​I​D​R​_​S​V​R​_​p​r​e​d​i​c​t​o​r​.​i​p​y​n​b), which uses a support vector regression 
model trained on simulations performed using the CALVADOS model [72, 151]. The 
same SVR predictor was used to derive other measures: λ (average residue stickiness) 
[72], SHD (sequence hydropathy decoration) [75], FCR (fraction of charged residues), 
and NCPR (net charge per residue).

Sequence patterns were calculated using NARDINI (Non-random Arrangement of 
Residues in Disordered Regions Inferred using Numerical Intermixing) [76]. This tool 
combines residues in eight different groups based on their properties: polar, hydro-
phobic, positive, negative, aromatic, alanine, proline, and glycine and then it assesses 
their distribution along the sequence with respect to each other. By calculating z-scores 
derived from 105 shuffled sequences of the same length, nonrandom segregation 
between two types of groups are evaluated: positive z-scores indicate that the distri-
bution of the two groups is clustered along the IDR, whereas negative z-scores suggest 
an uniform distribution along the sequence or a non-random mixing between the two 
residue groups. We then retrieved z-scores for patterning of positively and negatively 
charged residues (z(δ + −)), negatively charged residues (z(Ω −)) and aromatic (z(Ωπ)) 
residues. Biophysical properties were analyzed as a function of ν values. In particular, 
we created groups of IDR sequences based on ν values, ranging from the minimum and 
maximum values calculated for all Mtb IDRS, with a Δν = 0.04. Within each bin, mean 
and standard error for all other parameters were calculated. As a comparison, the same 
procedure was applied for human data from a previous work [34].

Molecular simulations

The coarse-grained force field CALVADOS 2 was used to perform molecular simulations 
and to generate IDR conformational ensembles [34, 72]. Molecular dynamics simula-
tions were performed on a set of 24 IDR of variable length going from 30 to 350 residues, 
in the NVT ensemble with the Langevin integrator and a time step of 10 fs. Each simula-
tion was carried out at 310 K, setting an ionic strength of 0.150 M, modelling both N- 
and C-terminals in charged form and histidine residues in neutral form. The simulation 
time was automatically set on the basis of sequence length, as suggested [34]. More in 
detail, the number of saved frames was set to 7000 for sequences < 150 residues, while for 
longer sequences it was determined using the quadratic function 3e−4*(number of resi-
dues)2*1000. The number of steps has then been set to 1010*(number of saved frames), 

https://colab.research.google.com/github/KULL-Centre/_2023_Tesei_IDRome/blob/main/IDR_SVR_predictor.ipynb
https://colab.research.google.com/github/KULL-Centre/_2023_Tesei_IDRome/blob/main/IDR_SVR_predictor.ipynb
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and converted into nanoseconds according to ns = (number of steps)*0.01/1000. For each 
sequence, four independent replicas were carried out in order to improve statistics so 
that the properties of interests (Rg, as well as ν and Sconf/N, calculated as described in 
[34] could be averaged over the four trajectories.

Identification of orthologs

Orthologous mycobacterial genes were identified through the OrtholugeDB, a database 
of orthologs for bacteria and archaea [152]. We included only one-to-one orthologs with 
the following classifications: SSD (Supporting species divergence) or RBB (Reciprocal 
Best-BLAST) (Additional file 8: Table S7).

For clinical isolates, orthologs were identified using the easy-cluster workflow of the 
MMseqs2 program [153]. Only one-to-one orthologs were retained.

Statistical analysis

All statistical analyses were performed in the R v.4.0.5 environment. Kendall’s and Spear-
man’s rank correlations and Fisher’s Exact tests were performed using the stats pack-
age. Brunner Munzel tests were performed using the brunnermunzel R package. This 
test was chosen because it is not influenced by tied values and it does not require the 
assumption of equal variances between groups [154]. Statistical details about each com-
parison can be found in the figure legends.
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