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Abstract
A crucial contribution to the heterogeneity of the conformational landscape of a protein comes from the way an intermedi-
ate relates to another intermediate state in its journey from the unfolded to folded or misfolded form. Unfortunately, it is 
extremely hard to decode this relatedness in a quantifiable manner. Here, we developed an application of statistical cluster 
analyses to explore the conformational heterogeneity of a metalloenzyme, human cytosolic copper–zinc superoxide dismutase 
(SOD1), using the inputs from infrared spectroscopy. This study provides a quantifiable picture of how conformational 
information at one particular site (for example, the copper-binding pocket) is related to the information at the second site 
(for example, the zinc-binding pocket), and how this relatedness is transferred to the global conformational information of 
the protein. The distance outputs were used to quantitatively generate a network capturing the folding sub-stages of SOD1.
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Introduction

Protein-folding studies typically use model systems of rel-
atively low complexity owing to limited experimental res-
olution and incomplete theoretical understandings. How-
ever, the focus is slowly shifting towards more complex 
protein systems [1, 2]. This transition is needed not only 
to gather fundamental understanding of the protein-folding 
problem, but also to obtain greater insights into protein 
misfolding. Conformational landscapes of large complex 
proteins can be heterogeneous. Often, there exists consid-
erable overlap between folding and aggregation landscapes 
[3]. It is non-trivial to determine how different intermedi-
ates, which can be accumulated in the folding/aggregation 
landscape of a protein, relate to each other in a statistical 
and/or quantifiable manner. It is also not understood how 
a change in one structural form can be correlated with 
the variation in other forms of secondary structure in dif-
ferent sub-stages of protein folding and/or aggregation. 
Here, we studied the relatedness of folding intermediates 
and aggregated states of superoxide dismutase (SOD1), 
a key participant in the anti-oxidant defence mechanism. 
Misfolding and aggregation of SOD1 are implicated in 
amyotrophic lateral sclerosis (ALS) [4].

SOD1 is a homo-dimeric protein having a mosaic of 
structural elements at the secondary level [5]. Each of the 
monomers contains an eight-stranded anti-parallel Greek 
key β-barrel motif and several loops, with loops IV and VII 
having an extended stretch (Fig. 1a). An intra-molecular 
disulphide bond links Cys57 (loop IV) and Cys146 (loop 
VII). The concerted occupancy of the metal co-ordination 
sites and the chaperone-mediated entry of Cu responsi-
ble for the inner structural corrugation leads to restricted 
mobility of the two extended loops in SOD1 [6–8]. Among 

the two metal ion co-factors, copper fluctuating between its 
 Cu2+ and  Cu+ forms makes up the catalytic centre, which 
is deeply buried [9]. The  Cu2+ ion remains weakly bound 
to water molecule and is anchored by four histidine resi-
dues, His46, His47, His63, and His120 [10] (Fig. 1b). The 
zinc ion is co-ordinated by three histidine residues (His63, 
His71, and His80) and one aspartate residue (Asp83) [11] 
(Fig. 1b). There are reports suggesting that the absence 
of metal ion co-factors can lead to SOD1 oligomerization 
[12–14]. Further reports validate these findings in cellular 
contexts [6].

In this study, we investigated specifically how confor-
mational information at one particular site of a protein (for 
example, the copper pocket) is related to the information 
at the second site (for example, the zinc pocket) and how 
this relatedness is transferred to the global conformational 
information of the folded protein. As readout of protein 
conformation, we used the information on the secondary 
structure determined using Fourier-transform infrared spec-
troscopy (FTIR). The amide I region of the IR spectrum, 
which corresponds to the C=O stretch, contains discrete 
secondary structural fingerprints. We resorted to discrete 
metal mutants, such as H121F (Cu-deficient SOD1 with Zn 
co-ordination intact) and H72F (Zn-deficient SOD1 with 
Cu co-ordination preserved) along with the de-metallated 
SOD1 (apo-SOD1, both metals removed). FTIR measure-
ments were also carried out using guanidinium hydrochlo-
ride (GdnCl)-unfolded proteins. Finally, FTIR measure-
ments were performed using the protein samples, which 
were aggregated utilizing mechanical agitation (discussed 
in “Materials and methods”). Figure 2a, b shows the FTIR 
spectra of WT and different mutants of SOD1, which were 
obtained at different solution conditions.

The FTIR spectral outputs were subjected to statisti-
cal cluster analysis and distance calculations to have a 

Fig. 1  a Transparent surface representation of the crystal structure of 
dimeric SOD1 (PDB: 4FF9). β-Strands have been shaded with red, 
α-helical stretches with blue, and loop regions with purple. Cu and 
Zn metal ion co-factor co-ordination pockets have been shaded with 

red and green mesh, respectively. b Zn (white sphere) and Cu (brick-
red sphere) micro-environments have been shown with their respec-
tive amino acid co-ordinations
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quantitative idea about the relatedness of one protein form 
to the other. There are reports, where cluster analysis has 
been used to understand the dynamics associated with non-
native trimeric assemblies of SOD1 and its implication on 
ALS [15, 16]. The raw FTIR data (100 points between 1600 
and 1700 cm−1) obtained at every wavenumber were used 
for the correlation analysis. The linear relationship between 
x- and y-axes was used to determine the Pearson’s correla-
tion coefficient (r), and the colour scale indexes the degree 
of correlation, where a trending value towards + 1 represents 
an increasing relationship (increasing correlation), while 
value trending towards − 1 depicts a negative relationship 
(anti-correlation).

Materials and methods

Recombinant SOD1 purification

Recombinant SOD1 was over-expressed in E. coli (BL21 
DE3 strain). The over-expression of SOD1 was induced with 
1 M isopropyl-1-thio-β-d-galactopyranoside (IPTG). The 
induction was coupled with metalation, where 1 mM  CuSO4 
was added directly to the Luria–Bertani culture media so as 
to ensure proper metal loading over the protein. Followed by 
induction, the cells were allowed to grow for 3.5 h. The cells 
were pelleted down by centrifuging at 6000 rpm for 15 min 
at 4 °C followed by re-suspension in pre-chilled lysis buffer 
(20 mM Tris–HCl + 500 mM NaCl, pH 8.0). After thorough 
re-suspension in lysis buffer, the cells were subjected to son-
ication (20 pulses, each of 30 s pulse time, and an interim 
time frame of 1  min). Unbroken cells and debris were 
removed by another act of centrifugation at 10,000 rpm for 

10 min. The soluble fraction obtained thereafter was care-
fully removed and allowed to bind to Ni–NTA agarose resin. 
The Ni–NTA column was washed using 40 ml wash buffer 
(20 mM Tris–HCl, 500 mM NaCl and 50 mM imidazole, 
pH 8.0) followed by elution with 20 mM Tris–HCl, 500 mM 
NaCl and 500 mM imidazole, pH 8.0. The eluted fractions 
were pulled according to their tentative protein content as 
per their absorbance at 280 nm. The post-elution fractions 
were subjected to dialysis in 20 mM Na-phosphate buffer pH 
7.5. The protein concentration of the post-dialyzed fraction 
was estimated by recording absorbance at 280 nm using the 
molar extinction coefficient (ɛ280 = 10,000 M−1  cm−1) [11]. 
His tagged SOD1 has also been used earlier for structural 
studies [17]. In our studies, we investigated the impact of His 
tag on SOD1 by comparing the CD spectrometric and FTIR 
profiles of over-expressed His tagged SOD1 and commercial 
SOD1 (untagged, Sigma Aldrich). We found comparable 
results confirming no impact of His tag on the structural 
dynamics of SOD1 (Figs. S2, S3).

Site‑directed mutagenesis

The recombinant plasmid pET-19b containing the gene for 
hSOD1 with a polyhistidine tag at the N-terminal end was 
used as a template for mutagenesis using the Quick-Change 
XL Site-Directed Mutagenesis Kit (Stratagene, USA). The 
mutagenic primers containing the mutations (shown in 
bold type) for the replacement of His72 with a phenylala-
nine residue (H72F) and His121 with a phenylalanine resi-
due (H121F) are provided in Table S1. Both primers were 
annealed to the same target sequence on opposite strands 
of pET-19b. The site-directed mutagenesis was performed 
as described by the manufacturer. The clones used for the 

Fig. 2  a Amide I (1600–1700 cm−1) FTIR spectra of WT (native and denatured) and apo-SOD1 (native and denatured). b Amide I FTIR spectral 
distribution for native and denatured H72F (Zn-deficient mutant) and H121F (Cu-deficient mutant)
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production of the H72F and H121F mutants were confirmed 
by DNA sequencing. Proteins were expressed in BL21 
(DE3) pLysS E. coli cells by induction with 0.5 mM PTG at 
37 °C for 4 h. Cells were re-suspended in ice-cold 20 mM 
Tris–HCl, 500 mM NaCl, pH 8.0, containing protease inhib-
itor (2 mM PMSF) and lysed by sonication. Unbroken cells 
and debris were removed by centrifugation at 10000g for 
10 min. Binding of soluble proteins from the supernatant to 
Ni–NTA agarose resin (Qiagen, Germany) was done over-
night. The Ni–NTA flow through was collected for analysis. 
The Ni–NTA resin was washed with 40 ml of wash buffer 
(20 mM Tris–HCl pH 8, 500 mM NaCl, 50 mM imidazole). 
Elution was done with wash buffer containing 500 mM 
imidazole.

Preparation of apo‑SOD1

Apo-enzyme was prepared from the holo-SOD1 by metal 
chelation following earlier reported protocol (McCord and 
Fridovich 1969) with some modifications. Holo-SOD1 was 
subjected to overnight dialysis in 50 mM Na acetate, 10 mM 
EDTA, pH 3.8 so as to ensure proper removal of metal ions. 
EDTA was removed by successive dialysis in 50 mM Na-
acetate pH 5.2 and in 20 mM Na-phosphate, pH 7.5. The 
demetalation was ensured with an activity assay of SOD1 
indexing photo-oxidation of pyrogallol at pH 8 (Fig. S4). 
The activity assay profile of apo-SOD1 matched with that 
of control (in the absence of protein), indicating complete 
demetalation (Fig. S4). The metal content was probed with 
atomic absorption spectroscopy and it showed the pres-
ence of 0.460 ppm of Cu and 0.342 ppm of Zn in ppm of 
WT SOD1 sample. The Zn-starved H72F SOD1 mutant 
contained 0.462 ppm of Cu in ppm of H72F sample. The 
Cu starved H121F mutant had 0.330 ppm of Zn in ppm of 
H121F sample. The apo-form on SOD1 did not give any 
detectable signal in atomic absorption spectroscopy, show-
ing in turn an effective removal of metal ion co-factors on 
EDTA-based apo-SOD1 preparation.

All the metal mutants (H72F, H121F, and Apo) were 
spectrometrically probed with CD for their respective sec-
ondary structural fingerprints (Fig. S5). Furthermore, the 
activity assay is also done for respective metal mutants sub-
sequently revealing absolute loss of enzymatic activity (Fig. 
S4).

Preparation of SOD1 aggregates

WT SOD1, Apo, H72F, and H121F were subjected to 
mechanical agitation at 200 rpm for 48 h. The seed concen-
trations for the aggregate preparation were kept 20 µM in 
20 mM sodium phosphate buffer at pH 7.5. The seed-protein 
species were treated with 1.2 µM tris(2-carboxyethyl) phos-
phine (TCEP).

Fourier‑transform infrared spectroscopy (FTIR)

FTIR spectra of WT SOD1, apo-SOD1, and SOD1 mutants 
in the absence and the presence of denaturants were acquired 
using Bruker 600 series FTIR spectrometer. Protein samples 
with concentration of 20 μM were treated with TCEP in 
20 mM sodium phosphate buffer at pH 7.5 and incubated 
for 16 h (in the absence or presence of denaturants) at room 
temperature before the measurements. All the FTIR meas-
urements were carried out in  H2O buffer, as  H2O does not 
impact the protein structure as opposed to  D2O [18]. The 
experiments were carried out in solution, and the buffer 
baseline was subtracted before taking each spectrum. The 
spectral readouts were obtained on absorbance mode with 
a path length of 0.01 mm following standard methodology 
[19]. The deconvolution of raw spectra in the amide I region 
(1700–1600 cm−1) was done using least-squares iterative 
curve fitting to Gaussian/Lorentzian line shapes. MATLAB 
and Origin 8.5 software were deployed for the curve fitting 
and second derivative analysis. The assignment of peaks was 
done using previously described spectral components asso-
ciated with different secondary structure elements [18, 20]. 
FTIR spectra were smoothed using Savistky–Golay method 
[21, 22].

Statistical cluster analyses

SOD1 upon metal site disruption undergoes significant 
conformational change at the level of secondary structure, 
which is evident from the results of our FTIR studies. The 
secondary structure changes in individual protein types as 
reflected by the FTIR spectral outputs were further subjected 
to statistical analyses to get an idea about the extent of relat-
edness among the protein types. Such analyses were done to 
figure out as to how metal ion co-factors individually decide 
the structural fate of SOD1 and mark the transition from de-
metallated apo-SOD1 to the metallated Cu–Zn–SOD1 state.

Correlation analyses were performed with the deconvo-
luted FTIR data over amide I band to extract the informa-
tion about the structural correlation among the individual 
protein types (Table S2). We performed Pearson’s correla-
tion analysis (Eq. 1), where the coefficient ‘rp’ represents 
a statistical measure of the strength of a linear relationship 
between paired data [23]. Secondary structure elements and 
their relative abundance (as obtained from the deconvolution 
of FTIR spectra) comprise the paired data set. Correlation 
coefficient (rp) depicts the nature of relationships between 
two set of variables x and y. In case of Pearson’s correlation 
coefficient, rp is called linear correlation coefficient, which 
measures the magnitude and nature of the linear relationship 
between x and y. Coefficient rp spans within the interval 
− 1 to + 1, where values trending towards + 1 represent an 
increasing relationship, while value trending towards − 1 



4149Network mapping of the conformational heterogeneity of SOD1 by deploying statistical cluster…

1 3

depicts a negative relationship (anti-correlation). The closer 
the value is to 1 or – 1, the stronger the linear correlation 
(see Eq. 1):

where x and y are the input data sets, n is the number of pairs 
of data, and rp is the correlation coefficient.

Next, hierarchical clustering was done to identify the 
closest neighbours (protein variants) as per distance cal-
culations from distance matrices [24]. Distance matrices 
were constructed using distance calculation algorithm, 
i.e., Euclidean distance methods, which measure the point-
to-point distance between the two sets [25, 26]. In case of 
Euclidean method, the point-to-point distances were calcu-
lated on Euclidean plane:

where xi and yi are two points from the plane, and d(x,y) is 
the Euclidean distances between them. More precisely, we 
had applied root mean square deviation (RMSD) to calculate 
the cumulative distance among mutants in terms of FTIR 
scoring. The resultant distance matrix had been utilized for 
hierarchical clustering.

Agglomerative hierarchical clustering is a bottom–up 
clustering technique, where individual clusters are joined 
together to make a single cluster [27]. In this experiment, 
average linkage clustering method was being applied.

Network analysis

WT SOD1 and its metal variants (H72F and H121F mutants 
and apo-SOD1) were statistically analysed. However, relat-
edness with aggregates of each protein is yet to be estab-
lished. Here, four generated protein aggregates are analysed 
in terms of relatedness among them. Following the previ-
ous techniques, correlation coefficient among the aggregate 
types is calculated. As the type of relationship is not known, 
we use correlation methods for both linear and non-linear 
relations. Subsequently, distances among all eight previously 
mentioned protein classes and four aggregates are calcu-
lated. Depending on the distances among protein types and 
all protein aggregates, a cluster dendrogram is designed. 
There are altogether 12 different cluster modules. Among 
them, eight modules are from four different protein types at 
two different stages and four clusters are aggregates of each 
protein type.
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From the similarity score on the basis of correlation 
among protein samples and its aggregates, network Nw is 
designed considering higher rate of similarity. The similarity 
matrix is converted to weighted adjacency matrix M, where 
the size of the matrix is dependent on number of mutants 
considered for the experiments. The ultimate objective is 
to establish a relation among protein types and their four 
aggregates. Therefore, in the network Nw є (V, E), vertex 
V represents protein clusters or modules, where each mod-
ule corresponds to one protein type, and edges E represent 
relatedness between the two protein types, where the width 
of edge is changing with similarity score, and the size of 
nodes is changing with the degree centrality of a node. In 
such network, stages of protein structural transformation can 
be shown depending on the similarity scores. On the other 
hand, we can comment on relatedness just seeing width of 
the edges. It is easy to infer which mono-metal mutant is 
closer to aggregates.

Results and discussion

Figure 3a shows the results of the cluster analyses of native 
and GdnCl-unfolded proteins. The corresponding data for 
the aggregates are shown in Fig. 3b. Cluster analysis was 
done on FTIR amide 1 spectral output for all the four protein 
variants under native and denatured conditions. The readouts 
were taken from multiple experimental accusations. From 
the spectral distribution of multiple accusations, the esti-
mated rate of standard deviation is 3.5% as quantified after 
spectral deconvolutions (Fig. S6). Figure 3a clearly shows 
that the wild-type protein completely correlates with WT 
SOD1, which is a necessary condition, as they are the same 
species. On the contrary, WT SOD1 shows least correlation 
with the apo-form, while the Cu- and Zn mutants maintain 
intermediate correlations. Row 1 from the bottom in Fig. 3a 
compares the native apo-SOD1 with seven other SOD1 vari-
ants. It reveals that native apo-SOD1 is not much deviant 
from the unfolded apo-SOD1. On the contrary, native apo-
SOD1 and WT SOD1 are very dissimilar, with a correla-
tion coefficient value close to zero (Fig. 3a). The unfolded 
WT SOD1, unfolded H72F, native H72F, and native H121F 
variants have strikingly significant positive correlations 
among themselves and show almost similar extents of cor-
relation with native apo-SOD1. Unfolded H121F has a very 
high positive correlation with the native apo-SOD1. Row 3 
from the bottom clearly shows that native WT SOD1 has no 
similarity with the other variants and has significantly low-
ered positive correlation with its own type. Figure 3a shows 
low positive correlation between apo-SOD1 (unfolded and 
native) and four other variants, such as unfolded WT SOD1, 
unfolded H72F, native H72F, and native H121F. The amide 
I spectral data of the aggregated species [Fig S1 (ii)] on 
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cluster analyses revealed a highly correlated colour matrix 
(Fig. 3b). This reflects that upon aggregation, the secondary 
structure organization of the protein species shares a signifi-
cant overlap, in turn yielding a comparable amide I spectra.

The cluster dendrograms were subsequently determined 
using hierarchical clustering models constructed based on 
Euclidean distance. Euclidean distance method depends 
on an absolute distance between two points on a Euclidean 
plane. The two main branches represent conserved regions 
(comparable secondary structural features), which are fur-
ther sub-branched (Fig. 4a). Native and unfolded apo-SOD1 
are clustered together, suggesting that they have similar 
FTIR profiles. Unfolded H121F, which is in the vicinity 
of apo-SOD1 cluster, stands diverse. On the other hand, 
unfolded WT SOD1, native H121F, native, and unfolded 
H72F are similar in terms of denaturant-induced conforma-
tion. Similar dendrogram was also constructed to understand 
the hierarchic association of aggregated protein species with 
the other eight non-aggregated species (Fig. 4b). Aggre-
gated apo-SOD1, Zn-deficient mutant (H72F aggregated), 
and Cu-deficient mutant (H121F aggregated) were closely 
branched. Although aggregated WT SOD1 was distanced 
from the other aggregated species, it got placed in differ-
ent sub-branches relative to the WT SOD1 in the cluster 
dendrogram.

A conformational landscape of SOD1 was constructed 
using the relatedness analysis (Fig. 4c). The interim distance 
between two discrete clusters is the statistical manifestation 
of their structural diversity. Since the protein types used 
in the cluster analysis represent different states of SOD1 
ranging from its unfolded apo-state to the complete folded 
holo-state, we used the distance outputs to quantitatively 
capture the folding sub-stages (Fig. 4c). Relevant protein 
types in the clusters were interpreted as the nested knots in 

the folding landscape, where the smoothness was introduced 
using spline interpolation [28]. Consisting of polynomial 
pieces on subintervals joined together with precise continu-
ity conditions, a spline function mathematically bridges each 
interval between data points [29, 30]. The topology produces 
nested zones, which clearly reflect the structural transitions. 
Apo-SOD1 resides at the top of the funnel with H72F (Zn-
deficient mutant) occupying a minimum, indicating that it 
can be considered as a stable intermediate in the pathway 
leading to the formation of the WT SOD1. The native state, 
which is also the most stable state, is attained after Cu incor-
poration. The Zn-deficient mutant is expected to represent 
a semi-stable mono-metallated state, which upon Cu uptake 
makes the metalloenzyme. The entry of the metal ions con-
fers an orchestrated reorientation of the secondary structure, 
at which the loop regions are expected to play an important 
role.

The network Nw (Fig. 4d) was generated on weighted 
adjacency matrix of similarity scores. The node correspond-
ing to the native state of WT protein was found separated 
from the main network. The number of neighbours of a node 
determined the degree centrality [31]. The presented clus-
ter analyses helped revealing the correlations between the 
aggregated states and the folding sub-states in a statistically 
validated manner. Irrespective of the seed-protein species, 
the aggregates (AGG) showed a high degree of correlation 
among themselves. This observation is important, suggest-
ing that all these aggregated species shared a high extent 
of secondary structure similarity, although their origin 
could be different. The observation also pointed out to a 
converging mechanism of aggregation, as has also been sug-
gested by the previous reports [32]. Furthermore, there are 
reports, suggesting that a transition in conformation, which 
triggers that oligomerization is a feature shared among the 

Fig. 3  a Combined correlation matrix built on Pearson’s correla-
tion algorithm for the raw FTIR spectral data at the amide I range 
(between 1600 and 1700 cm−1) using native proteins (WT N, Apo-N, 
Zn Mut N, and Cu Mut N) and their denatured forms (WT D, Apo-D, 

Zn Mut D, and Cu Mut D). b Correlation matrix calculated from the 
Amide I data for the aggregated species of Apo, WT, and Zn mutant 
and Cu mutant. The matrix reveals high extent of secondary struc-
tural overlap
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ALS-associated SOD1 mutants [33, 34]. The network map 
Nw further quantified the interconnections between differ-
ent conformers and AGG. AGG node on the network map 
has seven nodal connections (Fig. 4d). Among these nodal 
junctions, the native and unfolded/denatured forms of SOD1 
(Apo-N and Apo-D) have the highest edge width. This is in 
compliance with the previous reports, which showed that 
apo-SOD1 has significantly higher propensity to aggregate 
[35]. H121F (the Cu-deficient mutant) also have a strong 
nodal connection with the AGG node on the map, further 
implicating its tendency to aggregate. This observation is in 
line with the fact that the folding intermediate (Zn SOD1) 
being mapped in our folding landscape (Fig. 4c). Further-
more, the network, Nw, also revealed a strong connection 
between WT SOD1 and H121F (N). This stands in compli-
ance with the observations from the folding landscape too. 
The co-ordination site of Zn is distributed only in loop IV, 
while that of Cu involves both loops IV and VII. Therefore, 
the occupancy of Cu site imposes greater internal steric 
restriction relative to the Zn site. However, SOD1 has two 
extended regions of intrinsic disorder (IDRs, intrinsically 
disordered regions) spanning from residues 69 to 100 and 
121 to 143, and the propensity for intrinsic disorder in these 
regions is affected by the H72F and H121F mutations (see 

Fig. 5). Interestingly, three of the four Zn co-ordination sites 
fall within the first IDR stretch. Therefore, occupancy of the 
Zn-binding site leads to the transition from partial disorder 
to partial order in the secondary organization of SOD1. This 
explains as to why H121F (N) is closely placed to WT in the 
network map, as well as in cluster dendrogram (Fig. 4a, b). 
This is further validated by the secondary structure compari-
sons drawn from the β-structure and non-β-structure quan-
tifications derived from the deconvolution of the Amide I 
IR data [Fig S1(i): A, B, and C] [36]. Therefore, the two 
micro-environments within the Zn pocket and Cu pocket 
have rather different ways of imposing steric restriction viz. 
Cu leading to a reduced mobility of loops IV and VII and 
Zn disrupting the disorder of loop IV.

The relevance of the apo-form in the aggregation of 
SOD1 has been substantiated not only by the cluster analy-
ses presented here, but also by others. An inspection of the 
three-dimensional structure of SOD1 seems to implicate 
a possible role of the loop regions of SOD1 (loops IV and 
VII). To obtain further insights, we resorted to Ab initio 
calculations using Zhang Lab server (https ://zhang lab.
ccmb.med.umich .edu/I-TASSE R/) [37], which suggested 
the presence of helices in both loops IV and VII (Fig S6). 
In addition, a sequence analysis showed the presence of 

Fig. 4  a Cluster dendrograms constructed using Euclidean distance 
method showing the hierarchic distribution of the native and dena-
tured forms of WT and metal mutants of SOD1. b Dendrogram 
showing the hierarchic distribution of native [WT(N), Cu mutant 
(N), Zn mutant (N), and Apo (N)], denatured [WT(D), Cu mutant 
(D), Zn mutant (D), and Apo (D)], and aggregated [WT(agg), Cu 
mutant (agg), Zn mutant (agg), and Apo (agg)] protein species and 
their interim distances of separation. c Folding landscape of SOD1 

as determined from the distance calculation showing the presence of 
Zn SOD1 as the folding intermediate. d Network map, Nw, showing 
the extent of relatedness of WT SOD1 with the other protein species 
(native, denatured, and aggregate). Cyan lines indicate stronger inter-
connection relative to purple lines. Bigger spheres indicate higher 
degree centrality and hence higher nodal connections. Agg node in 
Nw represents the aggregates

https://zhanglab.ccmb.med.umich.edu/I-TASSER/
https://zhanglab.ccmb.med.umich.edu/I-TASSER/
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seven chameleon sequences (Table S3) complementing 
the finding of ab initio calculations. Chameleon sequences 
can attain both α-helical and β-sheet organization [38], 
depending on their neighbourhood sequences and/or solu-
tion conditions. The positions of the chameleon sequences 
were found to have considerable overlap with the loop IV 
and VII regions, which can adopt transient helical struc-
ture (Fig. S7). It can hence be inferred that the absence 
of metals can prompt secondary structure flips which in 
turn gets manifested in terms of distance of separation in 
our cluster dendrograms and network map. It should be 
noted that the presence of helices in early folding inter-
mediates was found before in different proteins, including 
β-lactalbumin, the intestinal fatty acid binding protein, and 
MPT-63 [39–41].

In the absence of metal ion, either in the mono-metallated 
state or in the apo-state, the extended loops owing to their 
intrinsic disorder nature support a continuum of conforma-
tional states and transitions [42, 43]. Unlike other intrinsi-
cally disordered proteins, which undergo disorder-to-order 
transitions upon ligand binding [44], thereby forming the 
fuzzy complexes, in proteins such as SOD1 and metallothio-
nein such transitions are dependent on the orchestrated entry 
of metal ions [45]. There is an entropic cost associated with 
the disorder-to-order transition that accompanies the bind-
ing of an intrinsically unstructured protein to its target. The 
key thermodynamic driving force for the binding reaction 
is generally a favourable enthalpy contribution, which gives 
an example of enthalpy–entropy compensation [46]. These 
are all internal events, which remain synchronised with the 
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Fig. 5  Multiparametric analysis of the intrinsic disorder predispo-
sition of WT SOD1 (a) and its H72F (b) and H121F (C) mutants 
evaluated by  PONDR® VLXT (black lines),  PONDR® VL3 (red 
lines),  PONDR® VSL2 (green lines),  PONDR® FIT (pink lines), 
IUPred_short (yellow lines), and IUPred_long (blue lines). Light pink 
shadow around  PONDR® FIT curves shows error distribution. Bold 
dashed dark cyan line shows the mean disorder propensity calculated 

by averaging disorder profiles of individual predictors, whereas light 
cyan shadow around the corresponding curves represent error distri-
bution. Plot D compares mean disorder profiles calculated for WT 
SOD1 (solid black curve) and its H72F (dashed red line) and H121F 
(dashed green line) mutants. In these analyses, the predicted intrinsic 
disorder scores above 0.5 are considered to correspond to the disor-
dered residues/regions
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metal co-ordination in SOD1. This renders a cryptic disorder 
in proteins such as SOD1, where the metal ion co-factors 
upon entry conceals the local disorder and locks the loop 
region in its state of restricted mobility.

The advantage of the present method is that it is model 
free. This study does not require any detailed analyses of 
the FTIR spectra. In contrast, the limitation of the present 
study presumably originates from its sole use of secondary 
structure as the measurement option ignoring any contribu-
tion of the tertiary structure. This is obviously necessitated 
by the choice of the spectroscopic method. We preferred 
FTIR over CD, as the former method has higher sensitivity 
to β-structure and is presumably better suited for deciphering 
heterogeneities at the secondary levels of organization [36, 
47, 48]. Current research effort in our laboratory is devoted 
to developing applications of cluster analysis to unravel the 
conformational interplay of several other proteins.
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