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Measuring and locating the changes in
protein structure using MELO

Lingyan Zheng 1,2,7, Yang Liao2,7, Yintao Zhang 2,7, Mingxuan Liu3,
Mingkun Lu 2, Tingting Fu2, Shuiyang Shi2, Xiuna Sun2,4, Chengbin Gu5,
Huaicheng Sun 2, Minjie Mou 2, Haibin Dai 1,2,8 & Feng Zhu 1,2,6,8

Understanding the impact that subtle variations (missense mutation, envir-
onmental change, ion chelation, ligand binding, etc.) have onprotein structure
helps to reveal their biological effects, but remain extremely challenging due
to the difficulty in measuring and locating the changes in protein structure.
Herein, a method entitled MELO is therefore constructed, which enable a
systematic measurement based on residues’ geometric characteristics & rela-
tive distance and a high-throughput location of structural change based on
secondary structure variation & protein segment shift. Our method performs
best in capturing the structure changes of various degrees ofmagnitude (some
increases were >30%) and is capable of precisely locating the regions of
alterations for critical case studies. Moreover, it identifies over 10,000 struc-
tural changes induced by subtle variation that existing methods fail to detect.
An online server allows users to upload their structures for comparison, and all
those structural changes identified in this study have also beenmade available
for download.

The function of a protein is closely related to its three-dimensional
structure1,2. Any changes in structure (caused by mutation3, environ-
mental change4, metal ion chelation5 or ligand binding6, as shown in
Supplementary Fig. S1) can significantly affect the protein functions7–9,
which subsequently results in physiological variation10 or pathological
response11. In other words, it is demanded to measure the structural
variation12 and locate the altered region13, which are crucial for accel-
erating the cutting-edge research of protein function prediction,
etiology analysis, drug discovery14, etc. Traditionally, researchers rely
on structural alignment and visual inspection to discover structural
variations15. However, such strategy is not only inefficient and incap-
able of quantifying results but also carries high degree of subjectivity,
making it challenging to capture critical structural variations,

especially when analyzing complex proteins16,17. Thus, developing a
high-throughput scoring method, which realizes objective, accurate
and reliable measurement of structural variation and location of
altered region, is of significant importance18,19.

Till now, two types of scoring method have been available, which
include superposition-based and superposition-free ones20. For the
superposition-based methods (such as RMSD21 and TM-score22), they
are valued for their ability to offer quantitative assessment of struc-
tural variation, allowing effective comparison across diverse protein
structures23. Particularly, TM-score offers a standardized approach by
providing a fixed scoring range, which is not dependent on the size of
the protein, and introduces clear thresholds for assessing structural
similarity24. This feature makes it useful for comparing proteins of
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different sizes25. For the superposition-free methods, they are
designed to evaluate structural changes without needing to align the
protein structures beforehand26. Taking LDDT27 as an example, it is
known to be insensitive to structure rotation and translation, allowing
it to disregard the errors caused by the absolute coordinates of amino
acids, thereby reducing the bias introduced by inaccuracies in the
alignment process28.

However, subtle variations (such as themutation in sequence) are
reported to be able to induce obvious structure changes29,30 (even
disruptions3) that the existing methods are not always able to capture,
nor can the methods locate the regions of alteration31. As shown in
Supplementary Fig. S1, it is clear that existing methods are insufficient
to identify structural changes arising from the subtle perturbations.
Critical issues include: a) different methods result in inconsistent
conclusions; b) use of different alignment methods lead to significant
scoring variations; and c) differentmethod versions result in divergent
outcomes (as discussed in Supplementary Fig. S1). Moreover, existing
methods typically focus on assessing difference between two struc-
tures using a simple score, and their validity in locating the structural
change was yet to be assessed. These analyses above highlight the
critical need in developing effective method to measure the structural
variation between proteins and locate their corresponding region of
alteration.

In this work, we develop a scoringmethod entitled MELO capable
of measuring and locating the structural variation of proteins. This
method: a) enables comprehensive measurement by collectively con-
sidering the changes in Geometric characteristics and Relative dis-
tances among amino acids, and b) realizes high-throughput location of
structure alterations by simultaneously assessing the variations of
secondary structures and the shifts among protein segments. Com-
pared with available methods, MELO performs best in identifying the
structure change of various degrees of magnitude (some increases
were > 30%) and is capable of precisely measuring such structure
change and locating altered region in critical case studies. Additional
work identified >10,000 structural changes induced by subtle varia-
tion that existingmethods fail to detect. Finally, we construct an online
server to allow users to upload their own structures for enabling cus-
tomized comparison, and all those structure changes ( > 10,000) we
identify in this study had also been made available for download
(which was reported to be urgently demanded by research
community3). A standalone program and the source code of MELO is
made available.

Results and discussion
Constructing the MELO for Measuring and Locating the Struc-
ture Variations
The MELO was developed in this study to accurately measure the
structure changes induced by subtle variation (SCinSV) and precisely
locate the regions of the changes, which functioned by assessing the
degree of structure changes from two perspectives: a) it calculated the
changes of residue’s geometric characteristics to measure the varia-
tions in secondary structure (VSSmeasur), and provided the location of
those variations (PLOTVSS). Specific details were demonstrated in
Fig. 1b) it normalized and weighted the relative distances among
residues to assess the shift among protein segments (SPSmeasur), and
offered the location of the shift (PLOTSPS). Specific details were
described in Fig. 2. Moreover, this study applied a thresholding
approach proposed by TM-score24 to analyze tens of millions of pro-
tein pairs collected fromSCOP232 andCATH33, which helped to identify
the thresholds customized for MELO to indicate structure change.
Particularly, the protein pairs having variations in secondary structures
or shifts among structure segments would be assessed by MELO as
VSSmeasur ≥0.5 or SPSmeasur ≥0.5, respectively. The detailed process to
identify the thresholds was shown in Supplementary Fig. S2. In the
following sections, we compared the performance of MELO with that

of the existing methods in assessing SCinSV, and several case-analyses
were further provided to enable the in-depth comparison.

Examination by the gradually deepening classification levels
of SCOP2
Four benchmarks were collected to represent varying degrees of
structure changes based on the four classification levels of SCOP232

(class, fold, superfamily, and family), which contained 0.308, 0.409,
0.411, and 0.413 billion structure pairs, respectively. Since TM-score is
the only existing method with a clear threshold for distinguishing
protein structure changes (score < 0.5 was adopted to indicating
structure change24 or unsuccessful prediction of structures34), the
performance of MELO was first compared with this established
method using four benchmarks. As shown in Fig. 3a together with a
corresponding Supplementary Table S1 providing the comprehensive
raw data, as the SCOP2 level deepen (from class, to fold, then to
superfamily, and finally to family), the accuracy of TM-score in differ-
entiating the structural change declined from 99.8% to 93.8%, while
our MELO consistently maintained the accuracies of > 99.7% at all four
levels. In otherwords,MELOandTM-scoreworkedwell for discovering
the changes in “major secondary structure” and “arrangement of sec-
ondary structure elements” (changes at class and fold levels of SCOP2),
whileMELOprovided greater precision thanTM-score in capturing the
change at superfamily and family levels (increase by about 5%).

To further assess the accuracyofmethods in identifying structural
change induced by relatively small sequence alteration, the protein
pairs with sequence identity > 70% were chosen from the above
benchmarks. As provided in Fig. 3b, as the SCOP2 level deepen, the
accuracy of TM-score in identifying structural changes declined from
96.5% to 62.4%, while that of our MELO remained the accuracies of
> 99.9% at all four levels. Moreover, there is a dramatical decline in the
accuracies ( ~ 30%) of TM-score between class/fold and superfamily/
family, which indicated our MELO as well-performing in revealing
structure changes of different degrees of magnitude (compared with
the accuracies of TM-score in the SCOP2 level of superfamily and
family, that of the MELO enhanced significantly by > 30%). All in all,
MELO performed well in identifying the structural changes, particu-
larly those induced by relatively small sequence alteration.

Assessment based on the Structural Changes Induced by Subtle
Variations
To measure the ability of methods to discover the structure changes
induced by subtle variation (SCinSV), all single proteins in the PDB35

were paired and filtered as described in ‘Collecting Benchmark
Datasets for Assessing Methods’ Performances’, resulting in over
two million structure pairs with sequence identity greater than 70%.
Such kind of variation included the small sequence alteration (such as
missense mutation3), environmental change4, ion chelation5, ligand
binding6, and so on. UsingMELO, those twomillion pairs could be first
divided into four Quadrants (fromQ1 to Q4, shown in Fig. 3c) by those
two metrics (VSSmeasur and SPSmeasur) and thresholds. Particularly, Q1
indicated the pairs of similar structures (VSSmeasur <0.5,
SPSmeasur < 0.5), Q2 presented the pairs having shifts among protein
segments (VSSmeasur <0.5, SPSmeasur ≥0.5), Q4 denoted the pairs with
variations in secondary structures (VSSmeasur ≥ 0.5, SPSmeasur < 0.5),
and Q3 gave the pairs with both shifts among segments and variations
in secondary structure (VSSmeasur ≥ 0.5, SPSmeasur ≥0.5).

Three protein pairs being representative of three Quadrants Q2,
Q3, and Q4 were then selected and shown in Fig. 3. As illustrated in
Fig. 3d, a dramatic shift of a domain (from BLUE to PINK) in Borrelia
burgdorferi OspAproteinwas reported to be induced by replacing two
β-hairpin sequences with the Gly-Gly and shortening of a β-hairpin36.
Such extensive shifts were successfully captured byMELO (VSSmeasur =
0.13 & SPSmeasur = 0.63; being in Q2 having shifts among protein seg-
ments), but not detected using TM-score. Moreover, as offered in
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Fig. 3e, a change of two α-helices & one β-sheet to a disordered region
and a spatial displacement were shown between intestinal fatty acid-
bindingprotein and its helix-less variant37. Both variations in secondary
structures and shifts amongprotein segmentswere identifiedbyMELO
(VSSmeasur = 0.66 & SPSmeasur = 0.65; being in Q3), but not discovered
by TM-score. In addition, as shown in Fig. 3f, a clear change of some
ordered secondary structures to disordered ones in SARS-CoV-2 spike
protein was reported to be induced by multi-point mutation38. Such
changes in the secondary structurewere also successfully identified by
MELO (VSSmeasur = 0.56 & SPSmeasur = 0.35; being in the Q3 of Fig. 3c),
but remained undiscovered using the TM-score.

Both RMSD21 and LDDT27 were widely used in protein structure
comparisons. However, these twomethods were absent of established
threshold, which made their determination of structural changes
relatively subjective20. In other words, a variety of ways of determina-
tion were used in existing studies39–42, and empirical rules could be
generalized for RMSD (RMSD< 2Å denoted highly similar structure,
while RMSD> 5Å indicated significant structural change) and LDDT
(LDDT>0.9 represented structure consistency, 0.7 < LDDT<0.9
implied high local similarity with minor deviation, while LDDT<0.5
suggested extensive structural discrepancy). Based on these empirical
rules, an extra evaluation on those protein pairs being representative

Fig. 1 | The pipeline for measuring and locating secondary structure variations
by calculating Geometric Characteristics among residues within compared
protein pair. apreprocessing the structure preparation and representation. S-W-&
US-align-based algorithms were used to align two protein sequences (SA and SB),
establishing the residue-level correspondences and ensuring a precise mapping
promoting downstream analyses. b computing geometric characteristics of stu-
died amino acids. Key geometric characteristics of amino acids were calculated for
both SA and SB, including: bend angles (KAPPA), dihedral angles (ALPHA), peptide
backbone torsion angles (PHI and PSI), water exposed surface (ACC), etc. All
characteristics were encoded into vectors (such as V1, V1’ for SA and V2, V2’ for SB).

c depicting PLOTVSS based on geometric characteristics among residues. Variations
in secondary structure were located using PLOTVSS. The darker the residue’s color
was, the higher its ci value was, which reflected greater variation in its corre-
sponding secondary structure. Moreover, the PLOTVSS showed the type of sec-
ondary structure in SA and SB, with the classification information described in
Supplementary Fig. S25. d calculating VSSmeasur based on the geometric char-
acteristics among residues. VSSmeasur scores were calculated to quantify overall
secondary structure variation. Particularly, the closer the VSSmeasur is to 1, themore
different the secondary structures of two studied proteins are.
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of Q2, Q3, and Q4 was conducted using RMSD and LDDT. As shown in
Fig. 3d, e, f RMSD failed to identify two out of the three structural
changes (as shown in Fig. 3e, f) and LDDT was not able to detect the
structure changes in Fig. 3d, f. As a result, MELOwas found effective in
not only discovering SCinSV but also differentiating the types of

structural change (protein segment shifts or secondary structure
variations).

Moreover, based on the above analyses, it was reasonable to infer
that many structural changes may not be detected if existing methods
were used to conduct large-scale screening on millions of structure

Fig. 2 | The pipeline for assessing structural segment shifts by calculating
relative distances among residues within protein pairs. a preprocessing struc-
ture preparation and representation. The S-W- & US-align-based algorithms were
adopted to align sequences of two protein (SA and SB), establishing the residue-
level correspondence and facilitating the precise pairwise distance calculation for
detecting segmental shifts. b computing and normalizing the relative distances
among amino acids. Pairwise distances between residues were computed for pro-
tein pairs after sequence alignment (such as dA1, dA2, dA3 for protein A and dB1, dB2,
dB3 for protein B). Changes between these distances from two proteins were

calculated and normalized based on weighting function using the maximum pair-
wise distances, resulting in SPSmeasur. c calculating SPSmeasur andgenerating PLOTSPS

based on relative distance. The PLOTSPS depicted the protein segment shifts
between two proteins. The vertical axis demonstrated the sequence of protein A
(SA), and the horizontal axis provided the sequence of proteinB (SB). The darker the
color of residue pair was, the greater shift in its corresponding protein segment
was. As shown, the area demarcated by the black dash line highlighted significant
segment shift between domain 1 (colored in pink) and domain 2 (colored in blue),
contrasting with minimal internal change within each domain.
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Fig. 3 | Comparing the performances of MELO and avaiable methods in mea-
suring structural variation. a comparing the accuracies of two methods across
four SCOP2 classification levels (Class, Fold/IUPR, Superfamily, and Family). MELO
maintained a consistent accuracy >99.9% at all levels, providing greater precision
than TM-score in identifying the change at the level of superfamily and family
(increased by about 5%). b accuracy assessments between MELO and TM-score in
identifying structural change induced by relatively small sequence alterations (the
protein pairs with sequence identity >70%). MELO kept consistent accuracy above
99.9% at all levels, substantially outperforming TM-score. c the assignments of two
million structure pairs (sequence identity >70%) into four Quadrants (Q1 to Q4)
based on the results of VSSmeasur and SPSmeasur. The pie charts provided the level of
agreement between MELO and TM-score in each Quadrant. In Q1, the MELO and
TM-score mostly achieved the same conclusions with 0.01% disagreement. In Q2,
Q3 and Q4, where MELO found structure changes, the findings of two methods

were largely inconsistent, with 86.45%, 97.23% and 91.95% pairs having distinct
conclusion, respectively. d a representative pair of proteins in Q2 (Borrelia burg-
dorferi OspAbefore and after the replacement of twoβ-hairpin sequenceswithGly-
Gly and shorteningofoneβ-hairpin). Shifts amongprotein segmentswere captured
by MELO (VSSmeasur = 0.13, SPSmeasur = 0.63), while both TM-score and LDDT failed
to identify these structural changes. e a representative protein pair inQ3 (intestinal
fatty acid-binding protein and its helix-less variant). Both the variations in sec-
ondary structures and shifts among protein segments were successfully identified
by MELO (VSSmeasur = 0.66 & SPSmeasur = 0.65), but not found by TM-score and
RMSD. f a representative protein pair in Q4 (change of some ordered secondary
structures to disordered ones in SARS-CoV-2 spike protein induced by multi-point
mutations). Such changes were successfully captured by MELO (VSSmeasur = 0.56 &
SPSmeasur = 0.35), but did not discovered by other existing methods.
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pairs. Therefore, MELO and TM-score, having established thresholds,
were studied to compare their evaluating results in four Quadrants
(from Q1 to Q4, illustrated in Fig. 3c). In Q1, the MELO and TM-score
mostly reached the same conclusion with 0.01% disagreement, which
led to a total of 205 disagreed pairs. Our in-depth analysis further
identified that all these disagreed pairs had their aligned sequences
less than 40 amino acids, and this is consistent with AlphaFold’s
observation that TM-score was less effective for short sequence34.
Specifically, as shown in Supplementary Fig. S3, all 205 disagreed
protein pairs (discovered by TM-score, but missed by MELO; high-
lighted using black dots) were illustrated, and four typical exemplar
pairs (selected from four corners ofQ1)wereoffered inSupplementary
Fig. S3. As shown, those four exemplar pairs were only identified by
TM-score as the ones of significant structural change, but “missed” by
all other methods (such as MELO, LDDT, and RMSD), and our visual
inspections further confirmed that there was non-significant con-
formational change in all those four exemplar pairs. In Q2, Q3 and Q4,
where MELO discovered structure change, the findings of two meth-
ods were significantly inconsistent, with 86.45%, 97.23% and 91.95%
pairs having distinct conclusions, respectively. In other words, our
MELO identified 12,562 SCinSV protein pairs fromPDB,while TM-score
identified 1,411. Such difference in numbers provided a large number
of protein pairs requesting in-depth structure analysis.

Additionally, Supplementary Fig. S4 was further drawn to com-
pare the assessing results of MELO and that of the software version of
LDDT (LDDT-software, capable of performing high-throughput
screening)27 when screening two million structure pairs. Till now,
there had been no reported consensus on the LDDT cutoff for iden-
tifying the protein pairs of significant structural changes, and a
threshold of LDDT<0.6 (adopted by recently-published Foldseek42

and applied widely in previous studies43,44) was thus used in this study.
As given in Supplementary Fig. S5 (an enlarged version of Q1 in Sup-
plementary Fig. S4), a total of 147,663 structure pairs (identified by
LDDT, but missed by MELO; highlighted using black dots) were dis-
covered, and four typical exemplar pairs (selected from the corner of
Q1) were further illustrated. As shown, those four exemplar pairs were
only identified by the software version of LDDT as the ones of sig-
nificant structural change, but “missed” by all other methods (such as
MELO, TM-score and RMSD), and visual inspection confirmed that
there was non-significant conformational change in all those four
exemplar pairs. It is essential to emphasize that there is significant
discrepancy between the evaluating outcomes of the software27 and
server45 versions of LDDT. Particularly, as shown in Supplementary
Fig. S5, there were dramatic differences between LDDT-server and
LDDT-software, and the evaluating outcomes of LDDT-server were
consistent with that of MELO, TM-score and RMSD (being completely
opposite to that of LDDT-software assessed in the above section).
However, LDDT-server cannot realize a high-throughput screening,
making it extremely time-consuming to scan all two million structure
pairs (our preliminary evaluation gave an estimation of 20,000hours
for completing whole scanning). In other words, in order to identify
the cases where LDDT found structural changes but missed by MELO
from millions of protein pairs, only LDDT-software could be adopted
to enable a high-throughput screening. All in all, current versions of
LDDT were either inaccurate in identifying protein pair of significant
conformation change from massive amounts of data (LDDT-software)
or incapable of realizing high-throughput screening due to its extre-
mely time-consuming nature (LDDT-server).

Assessing the false positive rate of MELO in structure change
discovery
To assess the false positive rate of our MELO in identifying the protein
pairs of non-significant structural changes, a set of benchmark data
was collected from PSCDB database46. Particularly, PSCDB categorized
839 protein pairs into 7 classes based on their conformation change

before and after ligand binding, and a class titled ‘no significant
motion’ comprised 311 pairs that give no significant movement upon
binding (resolution <3.0 Å, sequence identity >95%) was found. This
class of protein pair could be used as a suitable benchmark for asses-
sing false positive rate of MELO and other existing tools in structure
change discovery. As a result, our analysis found that MELO, TM‑score
andRMSDachieved 100%accuracy (false positive rate equaled to zero)
in identifying those 311 pairs as structurally unchanged. In contrast, the
local version of LDDT misclassified 15 (false positive rate equaled to
4.8%) out of those 311 pairs as having structural change, and all 15 pairs
were illustrated in Supplementary Fig. S6. As described, our visual
inspections identified that non-significant structural changewas found
for 15 pairs, indicating a relatively higher false positive discovery rate
of the local LDDT comparing with other methods (including MELO).
Considering the goodperformance ofMELO indiscovering the SCinSV
(as discussed in the above two sections), the false positive analyses
above indicated that, compared with available methods, MELO per-
formed better in discovering SCinSV without sacrificing the accuracy
in discovering the structure pairs of non-significant changes (low false
positive rate).

Comparing themethods’ abilities to locate the protein structure
changes
To compare the performance of MELO with that of LDDT in locating
the protein structure change, we first collected two benchmark data-
sets from Protein Structural Change Database (PSCDB)46. PSCDB
database, to the best of our knowledge, provides location data for
structural changes and further classifies all these changes into two
major categories: ‘local motion’ and ‘domain motion’. As described by
PSCDB, the ‘localmotion’ is defined as the changes “occurring in a local
protein segment” that are induced either upon or regardless of ligands
binding, while the ‘domain motion’ is characterized by the changes
“happening among protein domains” that are induced either upon or
regardless of ligands binding. As stated in PSCDB publication46, “these
structures represent a range of variations in the native structures that
are associated with their molecular functions”. A total of 242 protein
pairs with ‘localmotion’ and 119 protein pairs with ‘domainmotion’ are
thus collected fromPSCDB,whichwereutilizedhereas the testingdata
to compare the capacities of LDDT and SPSmeasur in locating the
structural changes. The performances of LDDT and SPSmeasur in
locating changes are then assessed using a well-established metric:
maximum F1-score (Fmax), which had been widely used by many
studies47–49. Performance comparisons between LDDT and SPSmeasur

are enabledby computing thedifferencebetween their F1-scores (ΔF1).
A positive ΔF1 indicates that SPSmeasur achieves better performance
than LDDT, with the larger values reflecting greater improvements.
Conversely, a negative ΔF1 suggests that LDDT performs better.

As shown inSupplementary Fig. S7a, the distribution ofΔF1 on the
‘local motion’ is overall right-skewed, indicating that most pairs have
ΔF1 ≥0. Specifically, 94 pairs fell within the [0,0.1) range, 52 pairs
within [0.1,0.2), 34 pairs within [0.2,0.3) & 19 pairs within [0.3,0.4).
Cases where ΔF1 ≥0.9 are also observed, and the instances of ΔF1 < 0
are rare, showing only in [-0.4,0) range, with a few occurrences. These
suggested that residue-wiseSPSmeasur generallyperformedaswell as or
even better than LDDT in locating structural change for most local
structural changes, with an observable improvement (ΔF1 ≥0) in 224
(92.6%) out of 242 protein pairs. For example, for the protein pair
CL.74 (1KTG & 1KT9; ΔF1 is ~0.5), both the residue-wise SPSmeasur and
LDDT-server can effectively capture the local structure changes indi-
cated in PSCDB (as highlighted by a RED circle on the left side of
Supplementary Fig. S7b and two GREEN circles on the right side of
Supplementary Fig. S7b). However, as given by the purple circles and
purple ribbons in the lower panel on the right side of Supplementary
Fig. S7b, LDDT-server generated many false positive identifications of
local structure changes, leading to lower specificity (89.2%) than that
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(100%) of SPSmeasur, and the F1 of LDDT-server (0.56) is therefore lower
than that (1.00) of SPSmeasur. Supplementary Figs. S8-S12 provided
detaileddescriptionof representative cases across theΔF1 ranges from
[0.9,1.0] to [0,0.1), where SPSmeasur’s structural change identification
aligned more closely with the PSCDB-indicated regions. Moreover, as
ΔF1 increased, SPSmeasur’s enhancements over LDDT-server in locating
local structure change became more pronounced.

In addition to ‘local structure changes’, there are also structure
changes between protein domains, which are equally critical for
understanding protein function. Thus, we further tested the locating
abilities of residue-wise SPSmeasur and LDDT-server on the dataset of
‘domain motion’ in PSCDB. The results identified that, residue-wise
SPSmeasur outperformed LDDT-server in locating domain motion
(Supplementary Fig. S13a). Particularly, there is no observation of
protein pairs with ΔF1 < 0, indicating the good capability of our
residue-wise SPSmeasur. Moreover, the peak of data distribution in
Supplementary Fig. S13a was substantially shifted to the right side
(ΔF1 > 0) compared with that in Supplementary Fig. S7a. There are 43
pairs in the [0.5,0.6) range and 24 pairs in the [0.6,0.7) range, which
indicated that for protein pairs with domain motion, residue-wise
SPSmeasur showedmore improved locating performances over residue-
wise LDDT-server inmostof the studiedproteinpairs. For example, the
protein pair ID.16 (1W9J-1FMV) gave a ΔF1 around 0.5, indicating a
great inter-domain displacement. Residue-wise SPSmeasur provided
better specificity (99.4%) and recall (85.5%) compared with those
(85.7% and 39.1%, respectively) of residue-wise LDDT-server (as illu-
strated on the right side of Supplementary Fig. S13b). The Supple-
mentary Figs. S14–S18 illustrated detailed case examples for protein
pairs across ΔF1 range from [0.9,1.0] to [0,0.1), indicating that the
discovery results of SPSmeasur aligned well with those indicated in
PSCDB. Furthermore, as ΔF1 increased, SPSmeasur’s improvement over
LDDT-server in locating the ‘domain motion’ became more
pronounced.

Evaluating the dependency of methods on the protein
sequence length
As reported, the measuring results of methods should not be sig-
nificantly dependent on the size of analyzed proteins, a factor that can
greatly impact the broad applicability of these methods50. In other
words, if a scoring method shows significant fluctuation across the
proteins of varying lengths, it may introduce biases in structure com-
parison, resulting in poor accuracy. In contrast, the highly-stable
scoring methods can result in consistent evaluations across a range of
protein sequence lengths, making them reliable for structure
comparison20. Herein, the dependencies of four scoring methods
(MELO, RMSD, TM-score and LDDT) on the sequence length of protein
were analyzed based on the procedure described in ‘Calculating the
Dependence of Methods on Protein Sequence Length’, and the
evaluating results were illustrated in Supplementary Fig. S19. As pro-
vided in Supplementary Fig. S19a, with the increase of protein
sequence length, the RMSD values showed an ascending trend in
general by raising significantly from 1.5 to 5.7, which aligned with the
observation of previous research22. In contrast, TM-score, LDDT,
VSSmeasur and SPSmeasur remained relatively stable, indicating that
RMSD wasmuchmore sensitive to the size of proteins compared with
other threemethods. To enable a direct comparison among TM-score,
LDDT, VSSmeasur and SPSmeasur, they were further adjusted to a cen-
teredmean score value. As illustrated in Supplementary Fig. S19b, TM-
score, LDDT, VSSmeasur, and SPSmeasur fluctuated around zero, main-
taining their stability regardless of protein size. However, TM-score
tended to be significantly lower when the protein sequence was short,
whichwas consistent with the findings of previous study34. Meanwhile,
LDDT gave a stronger oscillation around zero. As shown in Supple-
mentary Fig. S19c, four violin plots of centered mean score values
revealed the distribution of scoring results. The VSSmeasur and

SPSmeasur gave tighter distributions around zero, indicating much
higher consistency and lower dependency on protein size compared
with existing methods, which made it reliable to measure SCinSV.

Among all methods, the RMSD is the only one without fixed score
range. In this study, the raw measures of RMSD were further rescaled
to a fixed score range of [0,1] using a transformation strategy identical
to that of a previous report20. As depicted in Supplementary Fig. S20a,
the rescaled RMSD (RMSDrescale, highlighted using BLACK line) indi-
cated a clear dependency on protein size compared with MELO
metrics, which gave the same conclusions as that reached in Supple-
mentary Fig. S19a (great dependency of RMSD on the size of protein
was observed). In contrast, as shown in Supplementary Fig. S20a and
Supplementary Fig. S20b, the two metrics of MELO remained highly
stable, indicating that our method was much less sensitive to the size
of proteins compared with both RMSD and RMSDrescale.

Assessing the Reliance of Methods on Protein Pair’s Sequence
Similarity
To evaluate methods’ reliance on the level of sequence similarity of
studied structure pairs, two algorithms for sequence-based (Smith-
Waterman51) and structure-based (US-align25) alignment were inte-
grated into MELO. Based on these two algorithms, twomillion pairs of
high sequence similarity ( > 70%) in Fig. 3c were assessed, which led to
3,682 pairs showing disagreements in MELO metrics. All results were
provided in Supplementary Dataset. The visual inspections of all
3,682 pairs further identified that these disagreements arose primarily
from an intentional staggering of the structurally divergent region by
US-align for maximizing its global structural alignments25. Taking a
typical structure pair (Mg²⁺-free vs Mg²⁺-bound KRAS; Supplementary
Fig. S21) as example, the regions of βB & βC in KRAS were reported to
have great structural shifts52. However, as shown in Supplementary
Fig. S21a, those two regions (βB & βC) were staggered by the US-align
(highlighted by BLUE dashed boxes), resulting in an underestimated
value of MELO metric (SPSmeasur = 0.28; since massive amount of the
values in the left triangle of the Supplementary Fig. S21c were com-
pletely missed for the regions of βB & βC).

When it comes to the application of the method based on Smith-
Waterman alignment algorithm (S-W; given in Supplementary
Fig. S21b), the regions of βB & βC were effectively matched (denoted
by RED dashed boxes), resulting in a larger MELO metric (SPSmeasur =
0.61). In other words, the reported structure shift of βB & βC before
and after Mg²⁺ binding (highlighted using PINK and BLUE ribbon,
respectively, in Supplementary Fig. S21c) could be captured using S-W-
based MELO, but the one based on US-align could not discover this
shift. Other examples could be found in Supplementary Dataset. In
conclusion, for structural pairs of high sequence similarity ( > 70%),
structure-based alignment is more likely to underestimate structural
changes compared with the sequence-based one when being inte-
grated into MELO. This finding aligned with previous work53, stating:
“when two sequences can be aligned in a statistically meaningful way,
sequence-based structural superposition offers good measure of
structural changes”.

Furthermore, the S-W-based algorithm was found capable of dis-
covering relationships betweenproteinswhose sequence identities are
> 30%, but prone to underperforming in the protein pairs of low
sequence similarity54. Thus, MELO’s performance on measuring the
protein pairs of low sequence similarity was evaluated. As shown in
Supplementary Fig. S22a, a pair of remote homologs (the B1 domain of
human protein G & human protein B, sharing sequence similarity of
only 17.3%) was reported to show highly similar structures55. The S-W-
based and US-align-based metrics were computed and shown in Sup-
plementary Fig. S22b and Supplementary Fig. S22c, respectively. Par-
ticularly, significant structure change was reported by S-W-based
MELO metric (VSSmeasur = 0.58 & SPSmeasur = 0.94), while non-
significant structure change was reported by the US-align-based one

Article https://doi.org/10.1038/s41467-025-68110-8

Nature Communications |         (2026) 17:1360 7

www.nature.com/naturecommunications


(VSSmeasur = 0.40 & SPSmeasur = 0.48). Such result indicated the greatly
enhanced performance of the structure-based alignment method,
compared with the sequence-based one, in measuring the pairs of low
sequence similarity (identity ≤30%).

According to the analyses above, the MELO was designed to
incorporate a hybrid strategy that stipulates: “when the sequence
identity of a protein pair is >30%, S-W-based alignment will be used;
when the identity is ≤30%, US-align-based one will be applied”. This
hybrid strategy had been incorporated, as a default setting, into all
three versions of MELO (online server, software tool, and command-
line package). Meanwhile, the users could also customize their selec-
tion of algorithm (either S-W or US-align) that best aligned with their
preferences or requirements.

Mitigating the Influence of Protein Flexibility on Structure
Comparison
Proteins in solution, especially those linear ones, usually exhibited
inherent flexibility56. When protein segments are far apart and lack
direct interactions, protein flexibility can lead to natural displacement
among those distant segments57. Such displacement was usually con-
sidered to be a natural manifestation of structure dynamics, but fre-
quently misinterpreted by existing scoring methods as significant
structure changes58. Taking the baboon theta-defensin-2 (BTD-2) at
two timepoints in solution59 (offered in Supplementary Fig. S23a) as an
example, the observed differences between two structures mainly
stemmed from the intrinsic flexibility of the protein, particularly in the
highly flexible β-strand region. Under such circumstance, if the dif-
ference of the relative distances among amino acids was directly used
to measure the shifts among protein segments, the structure changes
induced by those intrinsic flexibilities would be overestimated. Parti-
cularly, as shown in the heatmapbaseddirectly on the relative distance
in Supplementary Fig. S23b, four pairs of protein segments (labeled as
S1, S2, S3 & S4 by boxes of PURPLE, PINK, BLUE and GREEN, respec-
tively) that were far apart in the structure showed significant changes
in their pairwise distances. This outcome indicated that the flexibility-
driven shift was identified as significant structure change. To address
this issue, our MELO introduced weighted normalization of relative
distances among pairwise residues, effectively mitigating the bias
induced by protein’s flexibility. As provided in the PLOTSPS of MELO
offered in Supplementary Fig. S23c, after weighted normalization,
those flexibility-driven shifts (S1-S4) were not considered by MELO as
great structural change, which minimized the misleading over-
estimation induced by distantly-separated residues.

Case study comparison of MELO performance with that of
existing methods
To assess the ability of methods in discovering SCinSV, four typical
types of structure changes were identified from literatures and eval-
uated by scoringmethods. These four types of changes included those
a) indicating different functional states (ATP-dependent transporters’
variations between inward- and outward-facing states), b) induced by
mutations/ligand binding (structural changes of cellular retinoic acid-
binding protein induced by missense mutations/the binding of reti-
noic acid), c) caused by ion chelation (changes in GTPase KRAS’s
structure before and after magnesium ion chelation), and d) stimu-
lated by environmental change (glucokinase’s structure changes under
three different glucose concentrations). Moreover, the structure
change of multi-chain protein complex was reported to drive inter-
subunit interactions and allosteric regulation, enabling functional
assembly and activity transition that are not achievable through
monomeric protein structural changes alone60. All these changes dis-
cussed above were complicated, which made the traditional visual
inspection very subjective and impractical for large-scale analysis15.
Furthermore, different superposition methods could bring about dis-
tinct findings depending on the applied structure alignment

algorithms25. To assess the ability of MELO in addressing these issues,
its performances on these five cases were compared with that of
existing methods.

Performance assessment using ABC transporters for substrates
transportation
ABC transporters played crucial role in the uptake/expulsion of sub-
stance in cells61. Two types of ABC transporters were studied here,
which included ABCB1 and ABCG262. As illustrated in Fig. 4a, b the
structures of two transporters contained two chains (Chain A and
Chain B), and each chain consisted of a transmembrane domain (TMD)
and nucleotide-binding domain (NBD)61. For ABCB1, the 1st-3rd α-heli-
ces, 4th-5th α-helices, and 6th α-helix & NBD1 in Chain A were grouped
into A1, A2, and A3, respectively, while the 7th-9th α-helices, 10th-11th α-
helices, and 12th α-helix & NBD2 in Chain B were appointed into B1, B2,
and B3, respectively (shown in Fig. 4a). For ABCG2, its Chain A and
Chain Bwere also illustrated in Fig. 4b. Those transporters (ABCB1 and
ABCG2) were reported to undergo a conformational transition
between two states (inward-facing and outward-facing) during their
substrates transportation50. Both conformational states were illu-
strated for ABCB1 (as provided in Fig. 4c) and ABCG2 (as provided in
Fig. 4d), which revealed the substantial structure difference between
ABCB1 and ABCG2. Particularly, the TMDs in the Chain A & Chain B of
ABCB1 interwove with each other to form two V-shaped structures (as
described in the schematic diagram of Fig. 4c, A1, B2, and A3 were
placed on the left size of ABCB1, and B1, A2, and B3 were on the right
side); in contrast, the TMDs in the Chain A & Chain B of ABCG2 were
largely independent, with no interweaving between two chains (as
provided in the schematic diagram of Fig. 4d, Chain A was placed on
the left size of ABCG2, and Chain B was located on the right side).

To reveal the structure changes of ABCB1 and ABCG2 between
conformational states (inward-facing and outward-facing), four scor-
ing methods (MELO, TM-score, LDDT, and RMSD) were employed. As
offered in Fig. 4e, substantial shifts among six protein segments (A1,
A2, A3, B1, B2, and B3) were captured by MELO (VSSmeasur = 0.27 &
SPSmeasur = 0.58; being in the Q2 of Fig. 3c), and one out of three
existing methods (RMSD) identified the structural changes. Mean-
while, as described in Fig. 4f, a great shift between two chains (Chain A
and Chain B) were discovered by MELO (VSSmeasur = 0.37 &
SPSmeasur = 0.57; being in the Q2 of Fig. 3c), and one out of three
methods (RMSD) captured the structure changes. Such results showed
the good performance of MELO and RMSD in capturing structure
changes of two transporters.

Moreover, the mechanisms underlying the structure change of
ABCB1 & ABCG2 were distinct from each other50,63. Particularly, the
transportation of substrates by ABCG2 was reported to be mainly
induced by an inter-chain conformation change63 betweenChainA and
Chain B (shown in Fig. 3d), while substrate transportation by ABCB1
was found closely associated with two types ofmechanism50 (shown in
Fig. 3c), including an inter-chain change between its Chain A and Chain
B and the inner-chain changes (between the segments B2 and B1-B3;
between the segments A2 and A1-A3). In order to locate these
sophisticated changes of both inter-chain and inter-segment types, the
residue-wise LDDT, RMSD, and SPSmeassur were computed to evaluate
whether the change couldbe captured. Particularly, for LDDT, both the
alignment and residue-wise calculation were realized by SWISS-
MODEL45; for RMSD, the align function in PyMOL was adopted to
superimpose structures and compute residue-wise measurements; for
SPSmeassur, after alignments, a residue-wise average value of the nor-
malized difference of relative distance (Eq. 3) for each amino acid was
calculated. Then, a visualization of residue-wise LDDT, RMSD, and
SPSmeassur was implemented (the details of these implementations and
all necessary source codes were made publicly available on GitHub at
https://github.com/idrblab/MELO). Finally, the above calculations
were applied to specific protein pairs to realize the computation of and
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comparison among residue-wise LDDT, RMSD, and SPSmeassur. Taking
the structurepair (inward-facing andoutward-facing) ofABCB1offered
in Fig. 4 as example, its residue-wise LDDT, RMSD, and SPSmeassur were
calculated and demonstrated in Fig. 5a. As offered, clear structure
changes in the substrate entrance region (at the bottom of ABCB1 in
Fig. 5a) & the transmembrane region were identified by both residue-
wise SPSmeassur and residue-wise RMSD (highlighted by gradual RED
shading; the redder it is, the greater the change); the residue-wise
LDDT could also find certain level of changes in the substrate entrance
region, but highlighted obvious change at the top of ABCB1 instead of
its transmembrane region. Those changes in the protein segmentA2of
ABCB1 colored by residue-wise LDDT, RMSD and SPSmeassur were also

illustrated in Fig. 5b. Taking Fig. 5a and Fig. 5b together, although there
is noticeable divergence among methods’ findings, they are all able to
indicate local structural changes.

Furthermore, as demonstrated in Fig. 4e, f the PLOTSPS of MELO
was depicted to further discover those changes of inter-chain & inter-
segment types, because it offered the in-depth information describing
the inter-residue changes of distance. Taking the ABCB1 demonstrated
in Fig. 4e as anexample, the PLOTSPS ofMELOdiscovered a total of nine
pairs of protein segments with noticeable structure shifts (such as A1
vs B3, A3 vs B3, and B2 vs B3; largely colored in RED). If all nine iden-
tified segment pairs were collectively considered, an inter-chain
change between Chain A and Chain B together with the inner-chain
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changes (between segments B2 and B1-B3; between the segments A2
and A1-A3) could be captured by MELO, which were consistent with
previous study50 and the schematic diagram shown in Fig. 4c. Similarly,
when it came to the ABCG2, the PLOTSPS was also illustrated in Fig. 4f,
which captured the inter-chain changes between Chain A vs Chain B
(mostly colored in RED) that were described in Fig. 4d.

The ability of MELO’s PLOTSPS in capturing the inter-chain & inter-
segment changes was also described by Fig. 5c, since it could be
applied to analyze the relative changes among protein segments. As
shown, the structure change of protein segment A2 relative to five
other segments (A1, A3, B1, B2 and B3; RED dashed boxes) were cal-
culated and then visualized in the Fig. 5d (A2 relative to A1), Fig. 5e (A2

Fig. 4 | Analyses on the conformational transition of two transporters (ABCB1
and ABCG2) between inward-facing state and outward-facing one. a schematic
representation of ABCB1’s structure. This structure contained two chains (Chain A
and Chain B), and each chain consisted of a transmembrane domain (TMD) and a
nucleotide-binding domain (NBD). As provided, the 1st-3rdα-helices, 4th-5thα-helices
and6thα-helix-NBD1 in theChainAweregrouped toA1,A2andA3, respectively, and
the 7th-9th α-helices, 10th-11th α-helices and 12th α-helix-NBD2 in the Chain B were
assigned into B1, B2 and B3, respectively. b schematic illustration of ABCG2’s
structure. This structure contained two chains (Chain A and Chain B), and each
chain consisted of one TMD and one NBD. c schematic illustration of ABCB1’s
inward-facing and outward-facing states. The TMDs in Chain A and Chain B of
ABCB1 interwove with each other to form two V-shaped structures. d schematic
representation of ABCG2’s inward-facing and outward-facing states. The TMDs in
Chain A and Chain B of ABCG2 were largely independent, with no interweaving

between two chains. e assessing the structure change between the inward-facing
state (IF, PDB:6A6N) and the outward-facing one (OF, PDB:6A6M) of ABCB1 using
different scoringmethods. Substantial shifts among six structure segments (A1, A2,
A3, B1, B2, and B3) were discovered by MELO (VSSmeasur = 0.27 & SPSmeasur = 0.58),
and one out of three existingmethods (RMSD) identified the structure change. The
PLOTSPS of MELO was depicted, which identified nine pairs of protein segments of
obvious structure shifts (such as A1 vs B3, A3 vs B3, and B2 vs B3; largely colored in
RED). f assessing the structure change between the inward-facing state (IF,
PDB:6VXH) and outward-facing one (OF, PDB:6HZM) of ABCG2 using different
methods. Extensive shifts between Chain A and Chain B were discovered by MELO
(VSSmeasur = 0.37 & SPSmeasur = 0.57), and two out of three methods (LDDT and
RMSD) identified the structure change. The PLOTSPS was also depicted, which
captured one segment pair of obvious structure shifts (Chain A vs Chain B; largely
colored in RED).

Fig. 5 | Locating the structure alterations of ABCB1 between the inward-facing
and outward-facing conformations. a the structure alterations captured by
residue-wise LDDT, RMSD, and SPSmeasur. Clear structure changes in the substrate
entrance region (at the bottom of ABCB1) & the transmembrane regions were
discovered by residue-wise SPSmeasur and residue-wise RMSD (highlighted by gra-
dual RED shading; the redder it is, the greater the change); the residue-wise LDDT
could also find certain level of changes in the substrate entrance region, but
highlighted changes at the top of ABCB1 instead of its transmembrane regions.
b the structure alterations in the segment A2 of ABCB1 discovered by residue-wise

LDDT, RMSD, and SPSmeasur. c the PLOTSPS in MELO that captures the inter-chain &
inter-segment changes. The structure change of segment A2 relative to five other
segments (A1, A3, B1, B2 and B3; RED dashed box) were visualized, the conforma-
tion alterations of which were further depicted in (d) A2 relative to A1, e A2 relative
to A3, fA2 relative to B1,gA2 relative to B2and (h) A2 relative to B3.One inter-chain
change (A2 relative to B2), two inner-chain changes (A2 relative to A1; A2 relative to
A3), and two non-significant changes (A2 relative to B1; A2 relative to B1) were
identified.
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relative to A3), Fig. 5f (A2 relative to B1), Fig. 5g (A2 relative to B2) and
Fig. 5h (A2 relative to B3). As demonstrated, one inter-chain change
(between A2 and B2) and two inner-chain changes (between A2 and A1
& between A2 and A3) were identified, which successfully reproduced
the observation in previous report50. Moreover, the non-signification
structure change of A2 relative to B1 (Fig. 5f) and B3 (Fig. 5h) was
discovered by MELO, which also aligned well with the schematic dia-
grams in Fig. 4c. All in all, the PLOTSPS realized a highly flexible
recognition and visualization of the relative structure changes among
protein segments, which had been integrated into the online soft-
ware tool.

Performance Assessment Using CRABPⅡ during Mutation and
Retinoic Binding
The protein cellular retinoic acid-binding protein 2 (CRABPⅡ) was
found to play a crucial role in intracellular transport and retinoic acid
regulation, which was critical for maintaining normal cellular
function64. Apart from the most common conformations (a total of 39
conformations of identical sequences deposited by different research
laboratories), holo-CRABPⅡ (HC), binding retinoic acid65, two addi-
tional conformations were collected from PDB, such as: apo-CRABPⅡ
(AC) without retinoic acid66, and mutant CRABPⅡ (MC) with the R35D
and K36D mutation67. To reveal the structure changes induced by
mutation (between HC and MC) and ligand binding (between HC and
AC), fourmethods (MELO, TM-score, LDDT, and RMSD) were adopted.
As provided in Fig. 6a, extensive shifts among the protein segments
between MC and HC were successfully revealed by MELO (0.21
<VSSmeasur < 0.30 & 0.58 <SPSmeasur < 0.61; being in the Q2 of Fig. 3c),
and none of those available methods discovered the structure chan-
ges. In the meantime, as shown in Fig. 6a, both the variations in sec-
ondary structures and shifts among protein segments between AC and
HC were found by MELO (0.53 <VSSmeasur < 0.58 &
0.55 < SPSmeasur < 0.59; being in the Q3 of Fig. 3c), and two methods
(LDDT & RMSD) found the structural changes. Furthermore, Fig. 6a
revealed that no significant change in structure was observed among
39 conformations of HC by MELO (0.01 <VSSmeasur < 0.21 & 0.03
<SPSmeasur < 0.26; being in the Q1 of Fig. 3c), which highlighted the
stability and accuracy of MELO in discriminating changed structure
from the unchanged one. Since VSSmeasur and SPSmeasur ranged from 0
to 1 (like TM-score and LDDT), Fig. 6b employed violin plot to compare
these three scores by analyzing their abilities to discern the structure
change among three conformations ofCRABPⅡ. Particularly, ourMELO
was able to identify the great shifts among protein segments between
MC and HC, and discover both the variations in secondary structure
and shifts amongprotein segments betweenACandHC.However, TM-
score couldnot identify structure changenot onlybetweenMCandHC
but also betweenACandHC, and LDDTwasalso not functional enough
to effectively identify the corresponding structure changes.

According to the reported structures67, the details of structural
changes between MC (colored in RED) and HC (colored in BLUE) were
described in Fig. 6c, indicating that the MELO could identify the shifts
among segments (VSSmeasur = 0.25 & SPSmeasur = 0.59; being in Q2 of
Fig. 3c). Moreover, the mutations of R35D and K36D could further
induce the disappearance of the binding pocket of retinoic acid67,
which was identified by the PLOTSPS of MELO (as offered in Supple-
mentary Fig. S24a). As illustrated, significant shifts were discovered for
the second helix (depicted in Supplementary Fig. S24b), the βC-βD
(given in Supplementary Fig. S24c) & the βE-βF (offered in Supple-
mentary Fig. S24d), which made the binding pockets of retinoic acid
disappeared (from BLUE to RED). Similarly, the structure change
between AC (colored in PINK) andHC (colored in BLUE) was presented
in Fig. 6d, illustrating that only MELO could detect the variations in
secondary structure and the shifts among protein segments (VSSmeasur

= 0.53 & SPSmeasur = 0.58; being in the Q3 of Fig. 3c). Meanwhile, the
absence of retinoic acid was reported to make binding pocket expand

significantly and secondary structure change extensively66, which was
captured by the PLOTVSS and PLOTSPS of MELO (as provided in Fig. 7a,
b). As described, extensive variations were discovered for the second
helix, βDand βJ (as described in Fig. 7a, c).Meanwhile, significant shifts
were discovered for the second helix (as illustrated in Fig. 7d), and βE-
βF (as described in Fig. 7e), which made the binding pocket expanded
extensively (from BLUE to PINK). In summary, based on the above
analyses, MELO was found capable of identifying not only the varia-
tions in secondary structures but also the shifts among protein seg-
ments in the protein CRABPⅡ.

Performance assessment using GTPase KRAS before and after
Mg2+ Chelation
The KRAS protein was a membrane-bound small GTPase that played a
key role in cell growth, differentiation, and survival68. As offered in
Supplementary Fig. S25a, the magnesium ion (Mg2+) acted as a critical
cofactor, which facilitated the folding of KRAS structure to its active
conformation69. To reveal the conformation alteration before and after
Mg2+ chelation (between Mg2+-free and Mg2+-bound), three existing
methods (MELO, TM-score, and LDDT) were used. As given in Sup-
plementary Fig. S25b, great shifts among the protein segments
between the Mg2+-free KRAS and Mg2+-bound one were accurately
identified by MELO (0.16 <VSSmeasur < 0.25 & 0.60 <SPSmeasur < 0.64;
being in Q2 of Fig. 3c), and the other two could not capture such
change. Furthermore, Supplementary Fig. S25b revealed that no sig-
nificant change in structure was discovered among those 42 con-
formations of Mg2+-bound KRAS by MELO (0.01 <VSSmeasur < 0.22 &
0.03 <SPSmeasur < 0.29; being in the Q1 of Fig. 3c), which denoted the
stability and accuracy of MELO in discriminating changed structures
from theunchangedones. SinceVSSmeasur and SPSmeasur ranged from0
to 1, Supplementary Fig. S25c applied a violin plot to further compare
three methods by analyzing their capabilities of discerning the struc-
ture change between Mg2+-free KRAS and Mg2+-bound one. All in all,
our MELO could identify the critical conformation alteration in KRAS
before and after Mg2+ chelation.

Based on the reported structure52, the details of structural change
betweenMg2+-free KRAS (in PINK) andMg2+-bound one (in BLUE) were
demonstrated in Supplementary Fig. S25d and Supplementary
Fig. S25e. Upon the loss of Mg²⁺, the βB (given in Supplementary
Fig. S25d) shifts significantly from the lower to upper part of the
protein52, which was successfully captured by the PLOTSPS of MELO.
Simultaneously, as given in Supplementary Fig. S25e, the βC and βD
moved away from the pocket, which was also discovered by the
PLOTSPS of our MELO. Furthermore, compared with those grids within
the area demarcated by the brown lines of Supplementary Fig. S25e,
those colored by purple lines in Supplementary Fig. S25d were much
darker in red color, which indicated a more dramatic shift in βB
compared with that in βC and βD. All in all, our MELO could not only
locate the conformation alteration of KRAS induced byMg2+ chelation
but also capture the varying degrees of segmental changes.

Performance assessment using glucokinase in various glucose
concentrations
The glucokinase (GCK) was key for the regulation of blood glucose
homeostasis70. Changes in glucose concentration could lead to a
transition of GCK among three different conformations71. As provided
in Supplementary Fig. S26a, GCK transitioned from super-open con-
formation (SC) to intermediate-open one (OC), and then to closed one
(CC) with the elevation of glucose concentration72. Such transition
mainly involved a reduction in the angle between the large and small
domains (from 100° to 65°, and then to 40°). To reveal these transi-
tions (among SC, OC, and CC), three scoring methods (MELO, TM-
score, and LDDT) were applied. As illustrated in Supplementary
Fig. S26a, extensive shift among the protein segments between SC and
CC was successfully identified by MELO (0.27 < VSSmeasur < 0.31 &
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0.60 < SPSmeasur < 0.62; being in the Q2 of Fig. 3c), and none of those
available methods discovered such structure change. Meanwhile, the
structure changes betweenOC andCC could not be detected byMELO
(0.18 <VSSmeasur < 0.23 & 0.41 < SPSmeasur < 0.48; being in the Q1 of
Fig. 3c), but there was a great variation between the distribution of OC
vs CC (colored in LIGHT RED) and that of CC vs CC (colored in GREEN)

offered in Supplementary Fig. S26a. Moreover, no detectable change
in structure was observed among 20 conformations of CC by MELO
(0.01 < VSSmeasur < 0.16 & 0.01 < SPSmeasur < 0.15; being inQ1 of Fig. 3c),
which denoted the stability and accuracy of MELO in discriminating
changed structures fromtheunchangedones.Violinplotswere further
employed in Supplementary Fig. S26b to compare the abilities of three

Fig. 6 | Analyses on the structure changes of CRABPⅡ protein induced by
mutation or ligand binding. Apart from the most common conformations (39
conformations of identical sequences deposited by different research groups),
holo-CRABPⅡ (HC), which bound retinoic acids, two conformations were collected
from PDB: apo-CRABPⅡ (AC) without retinoic acid and mutant CRABPⅡ (MC) with
the R35D and K36D mutation. a evaluating outcome for three groups of structure
pairs (HC vs HC,MC vs HC, and AC vs HC) based on VSSmeasur (x-axis) and SPSmeasur

(y-axis) of MELO. Great shifts among protein segments between MC and HC were
captured by MELO (0.21 <VSSmeasur < 0.30 & 0.58 <SPSmeasur < 0.61). Both the var-
iations in secondary structures and shifts among protein segments betweenAC and
HC were discovered by MELO (0.50 <VSSmeasur < 0.53 & 0.55 <SPSmeasur < 0.59). No
significant change in structure was observed among 39 conformations of HC by
MELO (0.01 <VSSmeasur < 0.21 & 0.03 <SPSmeasur < 0.26), which illustrated the sta-
bility and accuracy of MELO in differentiating changed structure and the

unchanged one. b violin plots for comparing three methods by analyzing their
abilities to discern the structure change among three conformations of CRABPⅡ.
MELOwas able to identify the extensive shift among protein segments betweenMC
and HC, and reveal the variations in secondary structure and shifts among protein
segments between AC and HC. TM-score could not identify structure change not
only between MC and HC but also between AC and HC, and LDDT was not useful
enough to identify the corresponding structure changes. c assessing structure
change between mutant CRABPⅡ (MC, PDB:7OXW) and holo-CRABPⅡ (HC,
PDB:6HKR)basedondifferentmethods.OnlyMELOcouldcapture the shifts among
segments (VSSmeasur = 0.25 & SPSmeasur = 0.59). d evaluating the structure change
between apo-CRABPⅡ (AC, PDB:1BLR) and holo-CRABPⅡ (HC, PDB:6HKR) using
different methods. Only MELO could detect the variations in secondary structure
and shifts among protein segments (VSSmeasur = 0.53 & SPSmeasur = 0.58.
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methods to capture the transitionof GCK among three conformations.
Particularly, our MELO was able to identify the shifts among protein
segments between SC and CC, but the TM-score and LDDT could not
effectively identify the transition of GCK among three structural
conformations.

Based on reported structures73, the transition between SC
(colored in RED) and CC (colored in BLUE) were demonstrated in
Supplementary Fig. S26c. Extensive shift between the ‘small domain’
and ‘large domain’ was reported, and a complicated internal shift
within small domain was also observed73, which were successfully
captured by the PLOTSPS of MELO (as offered in Supplementary
Fig. S26c). Particularly, the darker RED color in the regions demarcated
by brown lines highlighted the shift between small domain and large
domain, and that demarcated by the blue lines indicated the internal
shift within small domain. In the meantime, as provided in Supple-
mentary Fig. S26d, compared with the structure change between CC
and SC, that between OC (colored in PINK) and CC (colored in BLUE)
were similar, but the degree of shift between small and large domain

was much smaller, which was also effectively captured by the PLOTSPS

of MELO. All in all, our MELO could not only locate the regions of
structure changes during GCK’s transition but also capture the dif-
ferent degrees of such changes.

Performance assessment using heterotetramer adaptor protein
complex AP2
The adaptor protein complex AP2 is a heterotetramer (composed of
four chains of A, B, M, and S), which functions in protein transport via
clathrin-coated vesicles in various membrane traffic pathways74. As
demonstrated in Supplementary Fig. S27a, the AP2 undergoes a sub-
stantial structural transition from the closed conformation (CC) to an
opened one (OC), which allows 2 critical cargo-binding motifs ([ED]
xxxL[LI] and YXXΦ) to be exposed75. Such conformational changes
involved two key components75: c1) a screw rotation of C-μ2 (one part
of chain M) by ~127° about its long axis, with a 39 Å displacement,
relative toN-μ2 (another part of chainM); c2) an inward collapse of the
AP2 bowl, which is composed of chain A (α subunit) and chain B (β2

Fig. 7 | Locating the structure alteration of CRABPⅡ between AC and HC
induced by ligand binding. a the PLOTVSS generated by MELO for locating the
variations in secondary structure. Three regions of obvious alterations were high-
lighted, which included the second helix (purple box), βD loop (brown box), and βJ
loop (umber box). T: β-turn; E: β-strand; B: β-bridge; H: α-helix; I: Π-helix; G: 310-
helix; P: κ-helix. b the PLOTSPS generated by MELO for locating the shifts among
protein segments with darker color showing regions of significant displacements.
The second helix (purple box) and the βE-βF loop (umber box) were captured by

MELO as key regions of segmental shifts. c structural superimpositions of apo-
CRABPII (AC, PDB:1BLR) and holo-CRABPⅡ (HC, PDB:6HKR), providing main var-
iations in secondary structures (such as the second helix (purple box), the βD loop
(brown box) & the βJ loop (umber box).d shift was discovered for the second helix.
e shift was identified for the βE-βF. All in all, the MELO was found capable of
identifying not only the variation in secondary structure but also the shift among
protein segments in the studied protein of cellular retinoic acid-binding protein 2.
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subunit). Based on two PDB structures (2VGL & 2XA7) of AP2 in dif-
ferent conformations (CC & OC), an analysis on the CC-OC transition
was conducted based on MELO and available methods, and their per-
formances in identifying such transition were carefully compared.

First of all, as shown in Supplementary Fig. S27b, substantial
segmental shift between CC (PINK color) and OC (BLUE color) was
captured using MELO (VSSmeasur = 0.31 & SPSmeasur = 0.72; being in the
Q2 of Fig. 3c), whereas this transition could not be successfully iden-
tified by other existingmethods (such as TM-score & LDDT) except for
RMSD (9.258). Particularly, as offered by the RED color regions in
MELO’s PLOTSPS of Supplementary Fig. S27b, the most prominent
change is a movement of C-μ2 (one part of chain M), relative to N-μ2
(another part of chain M) and other chains of A, B and S (39Å dis-
placement between 2VGL and 2XA7). Thus, chainM, composedof C-μ2
&N-μ2, was further assessed and shown in Supplementary Fig. S27c. As
shown, protein segment shift between C-μ2 and N-μ2 (depicted by
component c175 above) was effectively found by bothMELO (VSSmeasur

= 0.384 & SPSmeasur = 0.732; being in Q2 of Fig. 3c) and RMSD, and the
RED regions in MELO’s PLOTSPS of Supplementary Fig. S28c further
highlighted the relative displacement of 39Å for C-μ2 reported in
previous study75. Second, the AP2 bowl (composed of chain A and
chain B) was analyzed and illustrated in Supplementary Fig. S28d. As
described, the inward collapse of AP2 bowl (demonstrated by com-
ponent c275 above) was successfully identified by MELO (VSSmeasur =
0.279 & SPSmeasur = 0.549; being in the Q2 of Fig. 3c) and RMSD (9.77),
and the noticeable RED color region in MELO’s PLOTSPS provided in
Supplementary Fig. S28d further highlighted the collapse of the AP2
bowl during CC-OC transition that was discovered by previous
publication75.

Meanwhile, it was reported that the chain A of AP2 remained
“largely unaltered” in the CC-OC transition75, which inspires us to
perform additional study on chain A using MELO and existing meth-
ods. As shown in Supplementary Fig. S28, MELO (VSSmeasur = 0.21;
SPSmeasur = 0.36; being in Q1 of Fig. 3c), TM-score (0.74) and LDDT
(0.79) did not identify a conformational change. In contrast, the RMSD
(6.24) falsely suggested a significant structure change, which is in good
agreement with a previous study76 reporting that the RMSD is prone to
generating false positive discovery. Taking all the findings above
together, our MELO was found able to capture both of the key com-
ponents (c1 and c2) in the conformational transition of AP2, and cap-
able of successfully avoiding the false discovery of the structurally-
unchanged chain A.

Locating the subtle but critical protein structure variation using
the MELO
In living organisms, protein structural changes are sometimes extre-
mely small, yet theseminor changes can result in significant functional
alterations77. Although MELO gave good sensitivity when detected
SCinSV, it might not be capable of detecting such extremely small
change at the global level simply based on themetrics of VSSmeasur and
SPSmeasur. Therefore, the PLOT

VSS and PLOTSPS wereofferedbyMELO to
meet the crucial demands on highlighting the local changes of func-
tional significances. Particularly, the PLOTVSS and PLOTSPS could pro-
vide the variations of secondary structure and the shifts amongprotein
segments, respectively. Taking the myocyte enhancer factor 2B
(MEF2B) as an example, a D83V mutation could greatly affect its
binding to DNA and the subsequent gene activations78. As offered in
Supplementary Fig. S29a, the D83Vmutation disrupted the interaction
forces stabilizing α-helix3 (both A and B), weakening the α-helix
structure and transforming it to a disordered region79. Such changes
were extremely subtle (as offered in Supplementary Fig. S29b), which
led to the incapability of all existing methods (including MELO) of
successful discovery at the global levels. However, the PLOTVSS

(described in Supplementary Fig. S29c) and PLOTSPS (provided in
Supplementary Fig. S29d) of MELO could not only indicate the

transformation of the α-helix3 to disordered region (indicated by
purple box) but also identified the corresponding shifts (denoted by
the darker red color in the area demarcated by purple lines). All in all,
although it was challenging to discover the extremely small structural
change at the global level, our MELO could provide critical local
information facilitating functional study, demonstrating its capability.

Developing web-server providing SCinSV data and
identifying SCinSV
Herein, a unifiedmetric titled ‘MELO-score’was therefore proposed to
assess whether there was structural changes between proteins. MELO-
scorewasdefined as themaximumofVSSmeasur and SPSmeasur. IfMELO-
score ≥ 0.5 (VSSmeasur ≥ 0.5 or SPSmeasur≥0.5), a structural change was
found. To show the functionality of MELO in measuring and locating
the structure change of protein, a web-server (https://idrblab.org/
melo/) was constructed, which offers the following capabilities: a)
realizing customized assessments by allowing users to upload their
own structures, b) offering downloadable version of MELO for
enabling high-throughput analysis & protecting data security, c) pro-
viding > 10,000 structure changes identified by MELO, and d) offering
in-depth description of both measurement and location for all those
structural changes. To ensure the user-friendliness of this online ser-
ver, two actions were further made: [a1] a result notification function
that allows users to receive the calculation outcome through email
after task submission is incorporated; [a2] a local software, enabling a
high-throughput comparison of structures of any size, was developed.
These can either avoid keeping user waiting for too long or safeguard
user data privacy.

Moreover, all those two million protein pairs (sequence identity
> 70%) and those 12,562 SCinSV structurepairsweremade available for
download from our server (https://idrblab.org/melo/). We provided
these data publicly for two reasons. First, as described by one
important previous publication3, “establishing a database for storing
structure-disrupting mutations may allow for future renditions of
AlphaFold2 or other artificial intelligence programs to include this
information in their protein-folding predictions”, the data made
publicly-available can partially meet the important need in this regard.
Second, those data can also serve as a testing dataset for evaluating
method. Especially, when amethod is developed, the data can be used
to assess its performance by comparing with that of the existing ones
(including the MELO). Two functions were also incorporated to our
online server to facilitate the interpretations of those data. (a) the data
were linked to their corresponding subtle variations (suchasmutation,
ligand binding, & environmental change). For instance, structure
change between two KRAS proteins was found by MELO, and their
corresponding variations in ion binding (with/without Mg²⁺) was also
described. In other words, those data may be useful for the actual
structure analysis by considering the internal/external factor that
probably induces structure change. (b) the data were also linked to
their corresponding function annotation. Our analysis of those
>10,000 structural changes discovered by MELO found that 22.8% of
those protein pairs had their proteins different in functions. Taking the
E. coli transcription factor RfaH as example (as demonstrated in Sup-
plementary Fig. S30), two conformations were provided (2OUG &
2LCL) in our server, and their corresponding protein functions were
also collected via matching to InterPro80. In particular, 2OUG was
matched to IPR010215, indicating its inhibition of RNA polymerases;
2LCL was matched to IPR014722, highlighting its promotions of ribo-
some recruitment. In other words, our server helped to establish
possible relation between SCinSV and its corresponding function
alteration for 22.8% pairs. Furthermore, for the remaining 77.2% pairs
annotated with identical functions, there may be undiscovered func-
tional change awaiting further investigations, and these unexplored
cases may offer a starting point for structure biologists when con-
ducting analysis on revealing structure-function relation. Finally, we
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would like to emphasize that the main innovation and contribution of
this work lie in the MELO methodology, not in those data that have
been made publicly available only as supportive data source.

Methods
Collecting benchmark datasets for assessing methods’
performances
A total of 72,544 structural domains were directly collected from the
SCOP2 database32, which was known to group the protein structures
into a hierarchical system of four levels (from class, to fold, then to
superfamily, and finally to family; indicating the progressively finer
distinctions in protein architectures32). The levels of ‘class’ and ‘fold’
indicated substantial variations in the ‘major secondary structures’ and
‘arrangements of secondary structural elements’, respectively, and the
levels of ‘superfamily’ and ‘family’ described those structural differ-
ences distinguishing the ‘evolutionary origin’ and ‘homological simi-
larity’ among proteins, respectively32. To assess the ability of methods
in differentiating the structure changes of varied magnitudes (from
class, to fold, to superfamily, to family; which denoted clear des-
cendingmagnitude), a comprehensive set of protein pairs of structural
variation was prepared for different levels of SCOP2 hierarchy. Taking
the family level as an example, all structures were first collected from
each of the 5,936 families, and all structures in one family were then
paired with that in others. Similar procedure was repeated for the
remaining three levels, which led to 0.308, 0.409, 0.411, and 0.413
billion pairs of structural variation for the level of class, fold, super-
family, and family, respectively. To further evaluate the accuracy of
methods in identifying structural changes induced by relatively small
sequence alteration, the protein pairs with sequence identity >70%
were selected.

Moreover, a total of 38,128 structures of single proteins (which
were unaffected by interactions among proteins in a complex) were
collected from PDB35 to assess methods’ ability to discover the struc-
ture change induced by subtle variation (SCinSV). Such kind of varia-
tion included the small sequence alteration (such as missense
mutation3), environmental change4, ion chelation5, ligand binding6,
etc. To retrieve those critical data of SCinSV, a large-scale sequence
similarity comparison between any two of the 38,128 proteins col-
lected above were performed, and those pairs of >70%81 sequence
similarity score (known as ‘identity’ in BLAST) were then collected,
which resulted in more than two million structure pairs. Meanwhile, a
variety of representative protein pairs indicating different types of
SCinSV were further identified based on the resulting pairs, and these
representative pairs were used to support five case-analyses in this
research.

Preprocessing based on the structure preparation and
representation
Beforemeasuring protein structure changes, theMELO implemented a
preprocessing workflow to guarantee the robustness and accuracy of
the subsequent assessment, which consisted of two essential steps:
structure preparation and representation (as illustrated in
Figs. 1a and 2a). For the first step, experimentally-induced missing
amino acids and incomplete side chains were repaired using binary
search method82 and PDBFixer83, respectively, to produce complete
input structure, which was key for avoiding alignment error and
ensuring accurate comparison. For the second step, a hybrid strategy
was applied, stipulating “when the sequence identity of a protein pair is
> 30%, S-W-based alignment will be used; when the identity is ≤30%,
US-align-based one will be applied”. This hybrid strategy was adopted
here to establish the residue-level correspondences between two
structures, which enabled the calculation of pairwise amino acid geo-
metric characteristics and relative distances for measuring the struc-
ture changes.

Measuring secondary structure variation and protein
segment shift
To comprehensively assess structure change, secondary structure
variation and protein segment shift were measured by collectively
considering the alterations in geometric characteristics and relative
distances among residues. As a result, two numerical values indicating
the variations of secondary structures (VSSmeasur) and shifts of protein
segments (SPSmeasur) were calculated.

Calculating VSSmeasur based on the geometric characteristics
among residues
Protein folding was governed by the complex interplay of forces,
including hydrophobic effect, hydrogen bond, and other
interactions84. The secondary structure of protein was determined by
the Geometric characteristics among residues together with their
interactions with surrounding environment85. In order to assess the
variations of secondary structures, a total of ten geometric
characteristics86 were first calculated for each residue i (as clearly
described in Fig. 1b), and a 10-dimentional vector was therefore gen-
erated (as discussed in SupplementaryMethod S1). Second, a pairwise
cosine similarity (ci) between two studied protein A and B for residue i

was computed using two vectors (v
*A

i and v
*B

i ) from two proteins (as
described in Fig. 1c and the equation below), which resulted in the
value of ci being fixed within the range of [0,1].
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2
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Third, the average value (cave) of cosine similarities for all amino
acids in two aligned proteins (of N sequence length after alignment)
gave the measurement of the overall secondary structure variations
between those two proteins. The cave were then calculated for all those
two million structure pairs collected from PDB, and the distribution
frequencies of all pairs according to cave values were shown in Sup-
plementary Fig. S31. As given, the majority of the cave values were
concentrated in the range between 0 and 0.1. To enhance the resolu-
tion of cave value in differentiating protein structure changes, a convex
function was finally used to transform cave to a new VSSmeasur.

VSSmeasur = 1� 1� cave
� �9 ð2Þ

This transformation substantially stretched the distribution fre-
quencies for all those two million structure pairs (as shown in Sup-
plementary Fig. S32), but the value of this metric remained within the
range from0 to 1. Particularly, the closer the VSSmeasur is to 1, themore
different the secondary structures of twostudiedproteins are. All in all,
this transformation ensured a robust and interpretable metric for
comparing protein secondary structures (shown in Fig. 1d).

Calculating SPSmeasur based on the relative distances among
amino acids
To systematically assess the shift amongprotein segments, the relative
distance among residues of studied proteins should be calculated. Till
now, two established tools (dRMSD87 & LDDT27) had been available to
fulfill this kind of calculation. The dRMSD was a metric that was pop-
ular in comparing the pairwise distance between the residues in two
proteins, which was reported to be limited by the lack of a fixed range
(from zero to infinity, making the measuring results very difficult to
standardize)22. Moreover, the dRMSD usually overestimated the
changes of relative distances between distant amino acids among
proteins58. In contrast, LDDT attempted to ignore the changes of
relative distance between distant residues by focusing only on the
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adjacent ones. However, such ignorance of distant residues made
LDDT highly dependent on the user-defined distance cutoffs, the poor
selection of which could either exaggerate or understate the structural
difference20. Thus, it is extremely necessary to introduce metric that
could overcome the limitations from both scoring tools (dRMSD
and LDDT).

Here, a method calculating the relative distance among residues
was thus proposed, which was given as follows. First, the difference of
the relative distance (between residue i and j) between protein A and B
was computed (as illustrated in Fig. 2b), which was further normalized
with weight by eliminating the influence of structure size (the perfor-
mances of our proposed method were offered in Supplementary
Fig. S19) and inherent distance magnitude (the performance of this
proposed method was described in Supplementary Fig. S23). Taking
together, the normalized difference of relative distances (between
residue i and j) between protein A and B could be represented using
the following equation.

Dnorm
i, j =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
dA
i, j � dB

i, j

� �2
r

max dA
i, j, d

B
i, j

� � ð3Þ

where dA
i, j and dB

i, j represented the pairwise distance between residue i
and j in the protein A and protein B, respectively; dA

i, j � dB
i, j described

the difference of relative distances (between residue i and j); Dnorm
i, j

denoted the normalized difference of relative distances, which resul-
ted in the value of Dnorm

i, j being fixed within the range of [0,1].
Second, the average value (Dnorm

ave ) for all residue pairs in two
aligned proteins provided a good measurement of the protein seg-
ment shift between proteins. The Dnorm

ave was then assessed for all two
million protein pairs collected from PDB, and the distribution fre-
quencies of all structure pairs according to Dnorm

ave were described in
Supplementary Fig. S33. As provided, the majority of the Dnorm

ave values
were concentrated between 0 and 0.1. To enhance the resolution of
Dnorm

ave in differentiating protein structure changes, a convex function
was finally used to transform Dnorm

ave to a new SPSmeasur.

SPSmeasur = 1� 1� Dnorm
ave

� �9 ð4Þ

Such transformation substantially extended the distribution fre-
quencies of all those two million structure pairs (as shown in Supple-
mentary Fig. S34), but the value of this metric remained within the
range from0 to 1. Particularly, the closer the SPSmeasur is to 1, themore
different the protein segments of two studied proteins are. In sum-
mary, this transformation ensured a robust and interpretable metric
for measuring the shifts of protein segments (shown in Fig. 2c).

Searching effective MELO threshold indicating structure
changes
In order to assess the posterior probability of structure changes for all
studied protein pairs, two groups of protein pair data (of changed
structures vs of similar structures) were collected based on the strat-
egy identical to that applied in previous work24. Particularly, structure
domains were comprehensively collected from both SCOP232 (2022-
06-29) and CATH (v4.3.0)33 in the first place, and were filtered by two
criteria (the sequenceof the collectedproteins shouldbecontiguous&
the length of the collected proteins should exceed 80 amino acids; as
described in Supplementary Fig. S2a). Second, the equivalent structure
level (‘family’ in SCOP2 and ‘topology’ in CATH) was used in this study
to identify those two groups of protein pairs. As reported in previous
work24, any two proteins from the same family/topology were con-
sidered as ‘similar’ in their structures, and two proteins from different
families/topologies were regarded as ‘changed’ in structure (as pro-
vided in Supplementary Fig. S2b). Third, the distribution of the two

groups of structure pairs was measured using VSSmeasur (Supplemen-
tary Fig. S2c) and SPSmeasur (Supplementary Fig. S2d). As shown, those
two groups (of changed structures vs of similar structures) of pairs
were largely differentiated by the value of 0.5 for both VSSmeasur and
SPSmeasur. Finally, the posterior probabilities of the pairs with structure
changed were assessed by the following equation.

Taking themetric VSSmeasurmeasuring the variations of secondary
structures as an example:

P XchangedjVSSmeasur

� �
=
P VSSmeasurjXchanged

� �
� P Xchanged

� �
P VSSmeasur

� � ð5Þ

where PðXchangedÞ denoted the prior probability of the protein pairs
showing changes in their secondary structures; PðVSSmeasurÞ indicated
the predictor prior probability of the secondary structure change

equaling to VSSmeasur; P VSSmeasurjXchanged

� �
provided the likelihood of

the secondary structure change equaling to VSSmeasur given that the
protein pairs showed changes in their secondary structure;
PðXchangedjVSSmeasurÞ was the posterior probability of the protein pairs
showing changes in their secondary structure given that the secondary
structure variations equaled to VSSmeasur. In the meantime, the pos-
terior probability of the protein pairs with similar structures could be
further calculated using the equation as follows.

Taking the metric SPSmeasur measuring the shifts of protein seg-
ments as an example:

P XsimilarjSPSmeasur

� �
=
P SPSmeasurjXsimilar

� � � P Xsimilar

� �
P SPSmeasur

� � ð6Þ

where PðXsimilarÞ denoted the prior probability of the protein pairs
having no shift of protein segments; PðSPSmeasurÞ indicated the pre-
dictor prior probability of the protein segment shift equaling to
SPSmeasur; PðSPSmeasurjXsimilarÞ described the likelihood of the protein
segment shift equaling to SPSmeasur given that theproteinpairs showed
no shift of their protein segment; PðXsimilarjSPSmeasurÞwas the posterior
probability of the protein pairs having no shift in the protein segment
given that the protein segment shift equaled to SPSmeasur. Further-
more, in order to determining the effective threshold that denoted
structure changes, the posterior probabilities of VSSmeasur (Supple-
mentary Fig. S2e) & SPSmeasur (Supplementary Fig. S2f) were then
searched, and the posterior probabilities for the pairs of changed
structure and similar structure were colored in YELLOW and BLUE,
respectively. Clearly, the lines of two series of posterior probability for
changed structures (YELLOW) and similar structures (BLUE) inter-
sected at the value of 0.5 for both VSSmeasur and SPSmeasur. These
findings helped us to determine VSSmeasur = 0.5 and SPSmeasur = 0.5 as
two effective thresholds that could denote the variations of secondary
structures and the shifts of protein segments, respectively.

Locating secondary structure variation and protein
segment shift
The MELO realized the discovery & illustration of the structurally-
changed regions base on the pairwise values calculated using Eq. 1 and
Eq. 3, which resulted in two visualized plots (PLOTVSS and PLOTSPS)
indicating the locations of secondary structure variations and the
locations of protein segment shifts, respectively. Moreover, the way to
assess and then generate these two plots were also explicitly described
in Fig. 1c and Fig. 2c, respectively.

Generating PLOTVSS based on the geometric characteristics
among residues
A total of ten geometric characteristics86 were first calculated for each
residue in a protein, and the secondary structures of this protein were
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determined by the calculated characteristics together with the resi-
dues’ interactions with surrounding environments85 (details were
provided in both Supplementary Method S2 and Supplementary
Fig. S35). Then, the PLOTVSS was generated according to the process
described in Fig. 1c. As shown, the top and bottom rows displayed the
sequence SA and SB of the protein A and B, andmutated residues were
highlighted in RED font. The secondary structure symbols showing in
the second and the penult rows were adopted directly from Supple-
mentary Fig. S35, and themiddle row provided the ci values calculated
using Eq. 1 for the residue i. The darker the residue’s color was, the
higher its ci value was, which reflected greater variation in its corre-
sponding secondary structure.

Generating PLOTSPS based on the relative distances among
amino acids
The PLOTSPS was generated according to the process shown in Fig. 2c.
First, the differences of the relative distances (between residue i and j)
between protein A and B were calculated, and further normalized
using Eq. 3 for getting rid of the impact of structure size and inherent
distancemagnitude. As shown in Fig. 2c, the PLOTSPS was thendepicted
using vertical axis corresponding to sequence SA of protein A and
horizontal axis corresponding to sequence SB of protein B, the color of
each grid offered the pairwise Dnorm

i, j values calculated using Eq. 3 for
the residue pair of i and j. The darker the color of residue pair was, the
higher the Dnorm

i, j value was, which reflected greater shift in its corre-
sponding protein segments. For example, the M1 was highlighted in
dark RED color in Fig. 2c, which denoted that the Domain 2 (BLUE)
corresponding to the residues 116-118 of protein A was significantly
shifted from the Domain 1 (PINK) corresponding to the residues 37-39
of protein B. In the meantime, the color of M3 was very light, which
described that no obvious shift was identified between the Domain 2
(BLUE) corresponding to the residues 114-116 of protein B and the
Domain 2 (BLUE) corresponding to the residues 144-146 of protein A.
In sum, both PLOTVSS and PLOTSPS generated by our MELO highlighted
its ability to locating secondary structure variation and protein
segment shift.

Calculating the dependence of methods on protein
sequence length
To evaluate the consistencies of MELO and those available scoring
methods (TM-score, LDDT and RMSD) across the proteins of different
sequence lengths, all the two million structure pairs from PDB were
first classified into 50 windows based on their aligned sequence
lengths (window size = 20 residues), which resulted in (0, 20], (20, 40],
…, and (980, 1,000]. Second, the structure variations of all pairs in
each window (Wi) were calculated, and a total of 50 mean scores
(MeanWi

, equaling to the average value of all calculated variations in a
window) were generated. Taking RMSD as an example, its MeanWi

rose
extensively with the increase of protein length (offered in Supple-
mentary Fig. S19a), which was highly different from the trends of the
remaining three methods, denoting that the RMSDwasmore sensitive
to sequence length than the other three methods. Third, centered
mean score (Meancentered

Wi
) was further calculated for each window (Wi)

using the following equation.

Meancentered
Wi

=MeanWi
� 1

50
�
X
Wi

MeanWi ð7Þ

The Meancentered
Wi

helped to center the variations measured by
different methods to the value of zero, which realized the objective
evaluations of the dependence of methods on the length of sequence.
In other words, by standardizing MeanWi

, the Meancentered
Wi

were con-
verted to the value of zero and scaled by their deviation, thus allowing
for direct and consistent comparison. As shown in Supplementary
Fig. S19b and Supplementary Fig. S19c, the Meancentered

Wi
revealed that

our MELO gave a more consistent measurement compared with other
methods.

Evaluating the ability of methods on locating protein
structure change
Two benchmark subsets (a local motion subset and a domain motion
subset) were derived from PSCDB. First, for each protein pair, the
“moving segments” indicated by PSCDB constituted the ground-truth
set of changed residue pairs (true positives, TP, label 1), and all other
aligned residues were treated as true negatives (TN, label 0). Residues
that were unaligned, lack coordinates, or have ambiguous identifiers
were removed prior to evaluation. Second, to obtain residue-wise
scores of the MELO and LDDT, residue-wise SPSmeasur generated by
MELO and residue-wise LDDT obtained from SWISS-MODEL were
denoted sMELO

r and sLDDTr 。

Third, to prevent threshold-selection bias in the comparison, we
applied a widely adopted approach, defined as the maximum F1-score
across all thresholds (Fmax)47–49. Specifically, for the residue-wise
SPSmeasur, a residue in a protein pair was labeled as “structurally
changed” if its score sMELO

r meets or exceeds the threshold τMELO. The
set of such residues was denoted by PMELO τMELO

� �
:

PMELO τMELO

� �
= rjsMELO

r ≥ τMELO

� 	 ð8Þ

Similarly, for the residue-wise LDDT, a residue in a protein pair
was labeled as “structurally changed” if its score sLDDTr meets or
exceeds the threshold τLDDT. The set of such residueswas PLDDT τLDDT

� �
:

PLDDT τLDDT
� �

= rjsLDDTr ≤ τLDDT
� 	 ð9Þ

After obtaining the identified “changed-residue” sets
PMELO τMELO

� �
and PLDDT τLDDT

� �
, we used the PSCDB-indicated set of

changed residues TP as the ground-truth positives. And the per-
method location performance was summarized by the F1 score:

F1 =
2Precision � Recall
Precision +Recall

=
2TP

2TP +FP+ FN
ð10Þ

Within the threshold interval [0, 1.0] with a step size of 0.01, the
threshold τm was exhaustively searched for each method to maximize
the macro-average of the F1 across all protein pairs (F1 was first cal-
culated for each pair, then averaged). The thresholds τMELO and τLDDT
yielding the highest pair-wise F1 was fixed as the global threshold for
residue-wise SPSmeasur and residue-wise LDDT. Finally, the relative
advantage between residue-wise SPSmeasur and residue-wise LDDT was
quantified as:

ΔF1 = F1MELO � F1LDDT ð11Þ

A positive ΔF1 indicated that SPSmeasur achieves superior perfor-
mance in locating protein structure changes compared with LDDT-
server, with larger values reflecting greater advantages. Conversely, a
negative ΔF1 suggested inferior performance, with smaller values
reflecting more pronounced disadvantages.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data are permanently archived to the online repository (https://
idrblab.org/melo/data) under CC BY 4.0 license. User can deploy
MELO on multiple optimized platforms: an interactive web-service
(https://idrblab.org/melo/), a local software tool (https://idrblab.org/
melo/MELO.rar), a PyPI pip-installable tool (https://github.com/
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idrblab/MELO/) and (https://doi.org/10.5281/zenodo.17360644) for
command-line integrations. Benchmark analyses demonstrated MELO
scalability: MELO processes two million protein pairs in 109 hours,
outperforming the TM-score (199 hours) & LDDT (1,044 hours); MELO
offers the functions of discovering secondary structure variations and
protein segment shifts, which were absent in available tools. For ultra-
long sequences ( > 8,000 residues), MELO achieved rapid execution:
30 seconds (PyPI workstation), 90 seconds (local GUI) and 500 sec-
onds (web-server). We show experimental structures from the PDB
under accession numbers 1A57, 1BLR, 1ICN, 1KH0, 1PGB, 1V4T, 2LYE,
2VGL, 2XA7, 3QIC, 4DCH, 4EPV, 6A6M, 6A6N, 6BYY, 6BZ1, 6HKR,
6HZM, 6KWJ, 6KWU, 6M9W, 6VXH, 7CWO, 7OXW and 7XIZ. Source
data are provided with this paper.
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