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S1. Statistical potentials and per-residue folding free en-
ergies used in this study

We considered in this study 19 different statistical potentials AW, defined in Eqgs (1)-(2) of
the main manuscript, and listed in Table S1. For each type of potential, we computed the
contribution to the folding free energy AG? of each residue i in a protein structure, using Eqs
(3)-(7) of the main manuscript; some details on this construction can be found in the next
section (Section S2).

Per-residue Energy Potential X sequence window Dataset (u) Type

AGLE AWE 5i5; i —j] <8 EMV TM  Local
AG AWE tit; i — j| <8 EMVTM  Local
AGEHE AWE  aa, i — j| <8 EMVTM  Local
AGHH AW tia; i — j| <8 EMVTM  Local
AGY! AWH sit; i — j| <8 EMVTM  Local
AGLE AWE S;; li — 5| <8 EM v TM Local
AGh AWE,  sisity k—8<i<j<k+8 EMVTM  Local
AGH! AWH, sitjity k—8<i<j<k+8 EMVTM  Local
AGHHE AWE sisja, k—8<i<j<k+8 EMVTM Local
AGLE AWE . siaja, E—=8<i<j<k+8 EMVTM Local
AGH AWE sitia, k—8<i<j<k+8 EMVTM  Local
AGi’c‘; AW, 5id;; 1# 75,5+ 1 EM v TM Distance
AGY AW, ady i i+ 1 EM VvV TM Distance
AG% AW/ tid;; i#£5,7+1 EM Vv TM Distance
AGY AW! - sia5d; i+ 1 EM Vv TM Distance
AGLY AW sidyys; i+ 1 EM Vv TM Distance
AG;}IQ AWE,  sitjd,; 1#75,5+1 EM v TM Distance
AG, AWE, . aidja; i, 41 EM Vv TM Distance
AG AWE tdigt; i1 EM VvV TM Distance

Table S1. List of per-residue folding free energy contributions and corresponding type of sta-
tistical potentials used in this study, with their characteristics.

The potentials are characterized by different sequence and structural descriptors s, ¢, a and
d: s is an amino acid type, t, one of the seven (¢, ¥, w) backbone torsion angle domains defined
in [1], and a, a solvent accessibility bin where the solvent accessibility is defined as the ratio (in
%) between the solvent accessible surface area of a residue in the structure and in an extended
Gly-X-Gly conformation [2, 3]. Five discrete bins of solvent accessibility were considered: 0
to 5%, 5 to 15%, 15 to 30%, 30 to 50% and 50 to 100%. Finally, d is defined as the spatial
distance between the average side chain geometric centers of two residues separated by at least
one residue along the polypeptide chain [2]. The distance values between 3.0 to 8.0 A were
divided into 25 discrete bins of 0.25 A width, with an additional bin containing all distances
greater than 8.0 A and another bin containing all distances smaller than 3 A.

The potentials that include 'd’ as structural descriptor are called distance potentials and
describe tertiary interactions. The residues ¢ and j they involve are separated by a least one



residue along the chain. The other potentials are called local potentials, as they involve residues
(7, j) or (i, j, k) that are in a sequence window of £8 residues around the central residue i.
They describe local interactions along the polypeptide chain.

Each of these potentials was derived separately from the datasets DM and DEM - contain-

ing either TM or EM regions of membrane proteins. For further technical details about our
implementation of statistical potentials, we refer to our previous articles [4, 5, 6].

S2. Details on the per-residue folding free energy con-
struction

We show in Fig. S1 two examples of distribution of folding free energy over different residues.
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Figure S1. Schematic representation of the way in which the folding free energy contributions
AG" for each residue i in a protein structure are defined in terms of the corresponding statistical
potentials AW. The general AG" definition is given in Eqs (3)-(7) of the main manuscript;
the statistical potentials AW are defined in Eqs (1)-(2) of the main manuscript and details are

given in Section S1; 'x’ denotes any residue. Construction of: (a) AG™ ; (b) AGEE.



S3. Relation between strength and weakness regions and
biophysical quantities.

S3.1 Relation between MPr score and hydrophobicity scales

We analyzed the correlation between MPr scores and hydrophobicity scales derived either from
experimental data or using knowledge-base approaches [7, 8, 9, 10]. The Pearson correlation
coefficients are reported in Table S2. They are clearly very low.

Hydrophobicity r

7] 20.19
8] 0.15
9] 2019
10] 0.17

Table S2. Pearson correlation coefficient r between the per-residue MPr scores and hydropho-
bicity values according to different scales described in the cited articles. The correlation is

computed for all residues in the DIM data set.

To compare the ability of hydrophobic scales and the MPr score to predict whether residues
are in EM or TM regions, we extended the definition of MPr score in Eq. (8) of the main text
to hydrophobicity and defined the hydrophobicity score H; of residue i as the weighted average
of the hydrophobicity value over 5-residue sequence windows [i — 2,4 + 2] :

1
Hi=—F7—
1+2’y+26(

Hyd; is the hydrophobicity of residue i according to a given hydrophobicity scale. Similarly to
what we did for the MPr score which is described in sections 2.3-2.5 of the main text, we chose
the weighting parameters § and v to minimize the level of weaknesses in the the D, data
set, and optimized a threshold value to compute the BACC score of the EM/TM localization
prediction in terms of H;.

The BACC scores of the different hydrophobicity scores and the MPr score are reported in
Table S3. We clearly see that the MPr score, with a BACC score of almost 0.9, is much better
than the hydrophobicity scores for predicting EM /TM localization. Moreover, we plotted in Fig.
S2 the distributions of the per-residue hydrophobicity scores and of the MPr score, separately
for EM and TM regions. The two distributions are clearly separated when computed with the
MPr score, in contrast to what happens with the hydrophobicity scores. This further confirms
the superiority of the MPr score for EM/TM classification.

v Hyd,;_, + 8 Hyd, , + Hyd,; + 3 HydiJrl + ’VHYdi+2) (1)



Reference BACC

H score [7] 0.71
‘H score 8] 0.68
‘H score [9] 0.72
H score [10] 0.72
MPr score here 0.88

Table S3. BACC score of EM/TM classification using the per-residue MPr score and the
hydrophobicity score H defined in Eq. (1) using the hydrophobicity scales in the four cited
articles. The BACC score is computed for all residues 7 in the Dy, data set.

Figure S2. Distribution of per-residue H hydrophobicity scores (a)-(d) and MPr scores (e) for
the residues from the Dy,ep data set which belong to TM regions (in green) and to EM regions
(in blue). The hydrophobicity scales are taken from the references: (a) [7], (b) [8], (c) [9], and

(d) [10] (d).



S3.2 Relation between MPr score and bilayer Z-depth

Here we analyzed the relation between the MPr score and the Z-depth of each residue, defined
as the distance between the residue side chain centroid and the plane parallel to the membranes
cutting the bilayer into two equal parts. The result is shown in Fig. S3.

Figure S3. Absolute value of the lipid bilayer depth Z as a function of the per-residue MPr
score for all residues belonging to the D, data set. The Z-depth is schematically depicted in
the upper right corner.



S3.3 Relation between MPr scores and normalized B-factors

In X-ray crystallography, B-factors (also known as temperature factors) reflect the attenuation
of X-ray scattering caused by thermal motions and primarily serve as a measure of precision of
mean atomic positions derived from the crystal data [11]. They are related to atomic flexibility,
but only imperfectly [12, 13, 14, 15]. It is important to recall that crystallized proteins have
drastically compromised atomic movements and that the B-factors are only reduced represen-
tations of the true cellular dynamics of the biomolecules. The fact that lipid bilayers are "fuid
mosaic’ in nature [16] further adds to the complexity. It is also known that B-factors may not be
compared between different protein structures. To be able to reliably compare the B-factors of
different structures, they need to be properly normalized, as discussed in section 2.7 of the main
manuscript. We considered two types of normalization schemes, the zero-mean-unit-variance
scheme and the min-max-scaling scheme.

We computed the Pearson correlation coefficients r between the MPr scores and the nor-
malized per-residue B-factors separately for the data sets Dyem, Dol . DEM “and Dgp,. We

mem? mem
also split Dyjep, into the subsets Dgpy and D;ggm, with the former containing the core residues
with solvent accessibility<20% and the latter, surface residues with solvent accessibility>20%.
We also considered separately the main-chain and side-chain B-factors.

The results are shown in Table S4. The best correlation coefficients are equal to -0.28 and
are thus rather low. In membrane proteins, MPr scores and B-factors were found to be better
anticorreled for TM residues than for EM residues. In globular proteins, the anticorrelation
is better for core residues than for surface residues. The correlations of main-chain B-factors
were all slightly better than the correlations of side-chain B-factors. Almost no difference was
observed between the two B-factor normalization schemes. All correlation values were found

statistically significant at the 99% level (p-value < 107°).



Data set B-factor type Tmean—var Tmin—maz Nyes

Dinem main chain -0.27 -0.28 51,141
DM main chain -0.20 -0.20 20,680
DEM main chain -0.13 -0.16 30,461
Dinem side chain -0.25 -0.26 51,233
DIM side chain -0.19 -0.20 20,708
DEM side chain -0.11 -0.13 30,525
Dygion main chain -0.25 -0.25 1,159,619
Dgion main chain -0.28 -0.28 454,971
Difee main chain -0.16 -0.16 704,648
Daiob side chain -0.24 -0.25 1,161,517
Dgiob side chain -0.24 -0.24 455,296
Dg‘f(f{)ace side chain -0.13 -0.13 706,221

Table S4. Pearson correlation coefficient » between MPr scores and normalized B-factors of
all residues in the subsets of membrane and globular proteins indicated in the first column;
N,.s denotes the number of residues pertaining to each subset. The r values are given for
both side-chain and main-chain B-factors, and for the two normalization schemes described in
section 2.7 of the main manuscript, the zero-mean-unit-variance scheme (7,eqn—ver) and the
min-max-scaling (7,min—maz) scheme.



S4. EM /TM residue classification

As described in sections 2.6 and 3.4 of the main text, we used the MPr score to predict whether
a given residue is in an EM or TM region. Here we show the ROC curve of this binary
classification (Fig. S4), which represents the specificity as a function of the sensitivity:

Sensitivity — —— 1 (2)
ensi 1V1y_TP+FN
TN
foity —
Specificity TN+ FP (3)

The true positives (TP) and the true negatives (TN) are the correctly predicted TM and
EM residues, respectively, and the false positives (FP) and false negatives (FN), the wrongly
predicted TM and EM residues, respectively. The Area Under the Curve (AUC) is equal to
0.94.
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Figure S4. ROC curve of the EM/TM residue classification.



S5. Embedding in the lipid membrane: BRANEart versus
OPM

We show in Fig. S5 four examples of classifications of EM and TM residues by OPM [17] and
BRANEart.

Figure S5. Comparison between BRANEart and OPM classifications of EM/TM residues. The
planes represent the limits of the lipid bilayer predicted by OPM; all residues between the two
planes are predicted as TM and all residues outside the planes as EM. BRANEart classification is
indicated by colors, with blue and green residues identifying EM and TM residues, respectively.
The proteins shown have the PDB codes: (a) 1H2S, (b) 1A0S, (¢) IMOL and (d) 10KC.
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