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Abstract 

Introduction The PReferentially expressed Antigen in MElanoma (PRAME) protein has been shown to be an inde-
pendent biomarker for increased risk of metastasis in Class 1 uveal melanomas (UM). Intrinsically disordered pro-
teins and regions of proteins (IDPs/IDPRs) are proteins that do not have a well-defined three-dimensional structure 
and have been linked to neoplastic development. Our study aimed to evaluate the presence of intrinsic disorder 
in PRAME and the role these structureless regions have in PRAME( +) Class 1 UM.

Methods A bioinformatics study to characterize PRAME’s propensity for the intrinsic disorder. We first used the Alpha-
Fold tool to qualitatively assess the protein structure of PRAME. Then we used the Compositional Profiler and a set 
of per-residue intrinsic disorder predictors to quantify the intrinsic disorder. The Database of Disordered Protein Pre-
diction  (D2P2) platform, IUPred, FuzDrop, fIDPnn, AUCpred, SPOT-Disorder2, and metapredict V2 allowed us to evalu-
ate the potential functional disorder of PRAME. Additionally, we used the Search Tool for the Retrieval of Interacting 
Genes (STRING) to analyze PRAME’s potential interactions with other proteins.

Results Our structural analysis showed that PRAME contains intrinsically disordered protein regions (IDPRs), which 
are structureless and flexible. We found that PRAME is significantly enriched with serine (p-value < 0.05), a disorder-
promoting amino acid. PRAME was found to have an average disorder score of 16.49% (i.e., moderately disordered) 
across six per-residue intrinsic disorder predictors. Our IUPred analysis revealed the presence of disorder-to-order 
transition (DOT) regions in PRAME near the C-terminus of the protein (residues 475–509). The  D2P2 platform pre-
dicted a region from approximately 140 and 175 to be highly concentrated with post-translational modifications 
(PTMs). FuzDrop predicted the PTM hot spot of PRAME to be a droplet-promoting region and an aggregation hotspot. 
Finally, our analysis using the STRING tool revealed that PRAME has significantly more interactions with other proteins 
than expected for randomly selected proteins of the same size, with the ability to interact with 84 different partners 
(STRING analysis result: p-value < 1.0 ×  10–16; model confidence: 0.400).

Conclusion Our study revealed that PRAME has IDPRs that are possibly linked to its functionality in the context 
of Class 1 UM. The regions of functionality (i.e., DOT regions, PTM sites, droplet-promoting regions, and aggregation 
hotspots) are localized to regions of high levels of disorder. PRAME has a complex protein–protein interaction (PPI) 
network that may be secondary to the structureless features of the polypeptide. Our findings contribute to our under-
standing of UM and suggest that IDPRs and DOT regions in PRAME may be targeted in developing new therapies 
for this aggressive cancer.
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Introduction
Uveal melanoma (UM) is the most common primary 
intraocular tumor [1]. The neoplasm most commonly 
arises from the choroid but also develops in the ciliary 
body (6%) and iris (4%) [1]. UM affects both men and 
women equally, and it most commonly affects middle-
aged White individuals with a median age of 58 years [2]. 
Though there have been advances in the detection, prog-
nostication, and treatment of UM, the risk for metastasis 
is high (50%) and is often associated with poor outcomes 
[1, 3].

Gene expression profiling (GEP) has been developed 
to assess the risk of metastasis for UM. GEP allows clini-
cians to group UM into either Class 1 (low-grade meta-
static risk) or Class 2 (high-grade metastatic risk) based 
on their molecular profiles [4]. Class 1 UM is associated 
with upregulation of PReferentially expressed Antigen 
in MElanoma (PRAME), and class 2 UM mutations are 
associated with mutations or biallelic inactivation of 
BRCA1 (breast cancer type 1 susceptibility protein)-asso-
ciated protein 1 (BAP1) [5–8]. The 5-year actuarial rate 
for metastasis of class 1 PRAME(-), class 1 PRAME( +), 
class 2 tumors is 0%, 38%, and 71% respectively [9]. These 
numbers suggest that PRAME may serve as an independ-
ent biomarker for the risk of metastasis in Class 1 UM.

Our group has studied ocular malignancies and char-
acterized proteins involved in ocular surface squamous 
neoplasia, conjunctival melanoma, and uveal melanoma 
[8]. We are interested in the intrinsic disorder phenom-
enon (i.e., proteins or regions of proteins that have no 
definitive 3D structure) and how it may play a role in 
the pathogenesis of ocular neoplasms [8, 10]. We previ-
ously demonstrated that BAP1 has elements of intrinsic 
disorder [8]. Dysregulation of these structureless regions 
secondary to BAP1 mutations may promote metastatic 
behavior in Class 2 UM. This study recapitulates our pre-
vious analysis and applies it to Class 1 UM and PRAME. 
While there are many interactions to consider when 
looking at the role of PRAME in the tumor pathogenesis 
of UM, our group wanted to understand PRAME’s intrin-
sic disorder propensity and its potential to provide a 
framework for developing biologics or immunotherapies 
to target PRAME.

Intrinsically disordered proteins (IDPs) and intrinsi-
cally disordered protein regions (IDPRs) are proteins and 
the regions of proteins that do not adopt a well-defined 
three-dimensional structure and instead are disordered 
but maintain function [11]. These functional proteins or 

protein regions are found in all known proteomes and do 
not adopt a tertiary structure [12]. IDPs and IDPRs have 
been linked extensively to the pathogenesis of disease 
and malignancies [13–17]. In this study, we aim to evalu-
ate the intrinsic disorder of PRAME and its role in patho-
genesis and driving neoplastic development in Class 1 
UM. Furthermore, the IDPRs of PRAME may serve as 
targets for treating PRAME( +) UM, thereby decreas-
ing the risk of malignancy of the primary tumor in those 
most vulnerable.

Methods
Our study focused on the intrinsic disorder phenom-
enon and its association with PRAME expression and its 
association with uveal melanoma. To accomplish this, we 
conducted a disorder-based bioinformatics analysis that 
utilized publicly available databases and computational 
tools to probe PRAME for intrinsically disordered pro-
tein regions.

Protein sequences
The Universal Protein Resource (UniProt) is a protein 
database with information related to function, taxonomy, 
subcellular location, disease associations, post-trans-
lation modifications, expression profiles, interaction 
networks, structure, protein families, and sequences 
(available at: https:// unipr ot. org; date last accessed: 
Dec 26, 2022) [18]. The search term used was “protein: 
PRAME.” The human variant was selected for PRAME 
(UniProtID: P78395). The default (canonical) amino acid 
sequence was selected for further analysis.

Structural assessment
The UniProt entries for PRAME also contain structural 
information. There are computational and experimental-
based structures (i.e., nuclear magnetic resonance, cryo-
electron microscopy, and x-ray crystallography) housed 
on the UniProt server. We selected the “AlphaFoldDB” 
entry. AlphaFold is the most up-to-date and accurate 
computational method to predict protein structure 
[19–21].

Quantification of intrinsic disorder
Compositional profiler
We sought to quantify the elements of intrinsic disorder 
in PRAME. We utilized the Compositional Profiler to 
measure the relative proportion of specific amino acids in 

https://uniprot.org
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each protein (available at: http:// www. cprofi ler. org/; 
accessed on December 26, 2022) [22]. Each amino acid 
was compared to a background set of proteins (i.e., Pro-
tein Data Bank Select (PBD) 25 [22]) that are a standard 
set of highly ordered proteins (i.e., proteins that contain 
many elements of structure in the form of alpha helices 
or beta-pleated sheets) [22]. We evaluated the normal-
ized enrichment or depletion of each amino acid as 
Cx−Corder
Corder

 , where Cx is the content of a given residue in a 
query protein (i.e., PRAME) and Corder is the content of 
the same residue in the PDB Select 25.

Per‑residue disorder prediction
The intrinsic disorder of PRAME was quantified on a per-
residue basis using a set of ten well-established disorder 
predictors, namely: PONDR® VLS2 [23, 24], PONDR® 
VL3 [25], PONDR® VLXT [26], PONDR® FIT [27], 
IUPred-Long, IUPred-Short [28], flDPnn [29], AUCpreD 
[30], SPOT-Disorder2 [31] and metapredict V2 [32]. The 
Rapid Intrinsic Disorder Analysis Online (RIDAO) plat-
form (https:// ridao. app) was used to yield bulk predic-
tions for the PONDR family of predictors (i.e. VLS2, VL3, 
VLXT, and FIT) as well as IUPred-Long and IUPred-
Short. The remaining predictions were obtained using 
local installations of the respective predictors—flDPnn, 
AUCpreD, SPOT-Disorder2, and metapredict V2. Each 
predictor used in this work takes a primary sequence 
as input and yields a measure of intrinsic disorder pro-
pensity, referred to as the disorder score, for each amino 
acid contained therein. Disorder scores range from 0 to 
1, where 0 is the most ordered measurement and 1 is the 
most disordered. Taken as a whole, the complete set of 
disorder scores for a given sequence constitute a disorder 
profile.

Using the disorder profile of PRAME we computed the 
percent of predicted disordered residues (PPDR) for a 
given predictor, p , as,

where Ndisordered is the number of residues with a disor-
der score greater than or equal to 0.5 (or 0.3 in the case 
of flDPnn) and Ntotal is the total number of residues in the 
sequence. A protein is classified as highly ordered when 
the PPDR is less than 10%, highly disordered when the 
PPDR is greater than 30%, and moderately disordered in 
all other cases [33]. Furthermore, we computed the aver-
age disorder score (ADS) over a range of residues for a 
given predictor, p , as,

(1)PPDRp = 100 ∗
Ndisordered

Ntotal

(2)ADSp =

b
r=a xr

b− a

where a is the first residue to consider, b is the last resi-
due to consider, and xr is the disorder score of residue 
r , given by predictor p . A protein or protein region is 
characterized as ordered when the ADS is less than 0.15, 
disordered when the ADS is equal to or greater than 0.5, 
and moderately disordered, or flexible, in all other cases. 
Importantly, we do not compute the ADS for the flDPnn 
predictor for which a value greater than or equal to 0.3 is 
used to identify disordered residues.

Assessment of disorder‑related functionality
Analyzing functionality using  D2P2 platform
Disorder-related functionality of PRAME was evalu-
ated with the Database of Disordered Protein Prediction 
 (D2P2) platform (http:// d2p2. pro/; accessed on November 
17, 2022) [34]. The  D2P2 platform integrates IUPred [35], 
PONDR® VLXT [26], PONDR® VSL2B [23, 24], PrDOS 
[36], PV2 [34], and ESpritz [37], allowing for a consoli-
dated visualization of disorder prediction tools. The  D2P2 
server provides the Structural Classification of Proteins 
(SCOP) [38, 39], SUPERFAMILY predictor [40], and 
InterPro prediction for the sequences of interest (https:// 
www. ebi. ac. uk/ inter pro/ search/ seque nce/, accessed on 
December 12, 2022) [41].  D2P2also predicts disorder-
based binding sites with the ANCHOR algorithm [42]. 
ANCHOR-identified disordered protein-binding regions 
(DPBRs) that include short binding regions, which are 
disordered in the unbound form and expected to fold 
into ordered structures when interacting with specific 
partners (i.e., molecular recognition features (MoRFs) 
and other disordered protein binding domains that are 
longer than 25 residues [43]. Finally, the  D2P2platform 
also predicts possible posttranslational modifications 
(PTMs) using the outputs of the PhosphoSitePlus [44].

Identification of redox‑sensitive disorder‑to‑order transition 
(DOT) regions
The IUPred3 platform was the final step in quantifying 
intrinsic disorder within PRAME (available at: https:// 
iupre d3. elte. hu/; accessed on November 17, 2022) [28, 45, 
46]. This tool can assess the location of disordered redox-
sensitive protein regions in PRAME by determining the 
disorder score in both their disordered and ordered state. 
If the values vary significantly between the redox states, 
we can define a particular region as a redox-sensitive 
region (i.e., a disorder-to-order transition (DOT) region).

Identification of droplet‑promoting regions (DPRs), 
aggregation hot spots, and regions with cellular 
context‑dependent interactions
Additional functional information on human PRAME 
was retrieved using the FuzDrop platform (https:// fuzdr 
op. bio. unipd. it/ predi ctor; accessed on December 27, 

http://www.cprofiler.org/
https://ridao.app
http://d2p2.pro/
https://www.ebi.ac.uk/interpro/search/sequence/
https://www.ebi.ac.uk/interpro/search/sequence/
https://iupred3.elte.hu/
https://iupred3.elte.hu/
https://fuzdrop.bio.unipd.it/predictor
https://fuzdrop.bio.unipd.it/predictor
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2022) [47]. This tool provides information on the capabil-
ity of a protein to undergo liquid–liquid phase separation, 
identifies the presence and localization of droplet-pro-
moting regions (DPRs), shows the location of aggregation 
hot-spots (i.e., residues/regions that may promote the 
conversion of a protein to a liquid-like condensed state 
into a solid-like amyloid state) [48, 49]. FuzDrop also pro-
vides the probability of a protein having residues/regions 
with cellular context dependence (i.e., those character-
ized by the ability of residues to switch between different 
binding modes) [48].

Protein–protein interaction network
To further understand the protein–protein interac-
tions of PRAME, the amino acid sequences were used as 
inputs for The Search Tool for the Retrieval of Interacting 
Genes (STRING) (URL: https:// string- db. org/; accessed 
on November 17, 2022). STRING is a quality-controlled 
database that utilizes experimentally and computation-
ally derived data to detail functional interactions between 
proteins [50]. The minimum required interaction score 
settings were set to the highest confidence (0.900), and 
the maximum number of interactions was assigned the 
highest possible value of 500.

Results
Protein sequence
Our disorder-based bioinformatics protein analysis used 
the canonical amino acid sequence of PRAME in FASTA 
format. PRAME contains 509 amino acid residues and 
includes nine leucine-rich repeats (LLR) at residues 116–
145, 207–231, 232–258, 259–294, 295–320, 321–352, 
353–371, 377–404, and 405–429. There is also a region 
(residues 416–509) that mediates the interaction with a 
retinoic acid receptor alpha (RARA).

Structural assessment
The 3D structure of PRAME modeled by AlphaFold 
(Fig.  1) demonstrates that PRAME has both elements 
of order (structure; α-helices and β-pleated sheets) and 
disorder (structureless, spaghetti-like regions) (Fig.  1). 
Structural portions of the protein are flanked by regions 
that lack definitive structure (residues 1–23 and 138–
172). The C-terminal region of PRAME (residues 487–
509) is also predicted to have low model confidence (i.e., 
high intrinsic disorder). Figure  1 shows that the Alpha-
Fold model confidence is high for a large proportion of 
PRAME’s structure, as indicated by the extensive blue 
color throughout the model. The terminals and disorder 
regions of PRAME appear to be less ordered, as indi-
cated by low model confidence and yellow/orange col-
oring. This reflects the regions of PRAME with a less 
established structure. These regions of PRAME with less 
model confidence are the intrinsically disordered protein 
regions (IDPRs) of interest. From a qualitative point of 
view, it is evident that there are segments in PRAME that 
contain little to no structure yet likely retain biological 
functions as expected for most IDPRs.

Quantification of intrinsic disorder
Compositional profiler
After visualization of the IDPRs in PRAME within the 
AlphaFold-modeled structure, we aimed to quantify 
these regions. We first constructed a normalized amino 
acid composition profile for PRAME (Fig. 2). In the com-
position profile, each amino acid was arranged from the 
most order-promoting (i.e., cysteine (C), tryptophan (W), 
isoleucine (I), tyrosine (Y), phenylalanine (F), leucine (L), 
histidine (H), valine (V), asparagine (N), and methionine 
(M)) to the most disorder-promoting residues (i.e., argi-
nine (R), threonine (T), aspartate (D), glycine (G), alanine 

Fig. 1 Structures generated for PRAME by AlphaFold2. As measured by the predicted local distance difference test (pLDDT), regions with higher 
model confidence typically represent alpha-helices and beta-pleated sheets. Regions with lower levels of model confidence might represent 
intrinsically disordered protein regions. The black arrows indicate areas of potentially high levels of disorder that lack definitive structure

https://string-db.org/
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(A), lysine (K), glutamine (Q), serine (S), glutamate (E), 
and proline (P)). If the amino acid is enriched in the pro-
tein, then it receives a positive value. If the amino acid is 
depleted in the protein, then it receives a negative value. 
PRAME is significantly enriched in one order-promoting 
amino acid (L) and significantly depleted in one disor-
der-promoting amino acid (N). PRAME is significantly 
enriched in one disorder-promoting residue (S) and sig-
nificantly depleted in (G).

Per‑residue disorder prediction
After determining the amino acid composition of 
PRAME, we aimed to quantify the intrinsic disorder 
on a per-residue basis. We used PONDR® VLXT [26], 
PONDR® VL3, PONDR® VSL2, and PONDR® FIT, as 
well as IUPred-Long and IUPred-Short to predict the 
disorder score of each amino acid in PRAME (Fig. 3A). 
The six disorder predictors that make up the RIDAO 
suite [51] allow for the classification of proteins and pro-
tein regions using the established criteria for the classifi-
cation of proteins based on their percent of the predicted 
disordered residues (PPDR scores), where proteins 
are considered highly ordered (PPDR < 10%), moder-
ately disordered (10% ≤ PPDR < 30%), and highly disor-
dered (PPDR ≥ 30%) [22]. PRAME was predicted to be 
28.36% disordered by PONDR® VLXT (i.e., moderately 

disordered), 28.02% disordered by PONDR® VL3 (i.e., 
moderately disordered), 30.89% disordered by PONDR® 
VSL2 (i.e., highly disordered), 20.61 disordered by 
PONDR-FIT (i.e., moderately disordered), 10.31% disor-
dered by IUPred-Long (i.e., moderately disordered), and 
9.39% disordered by IUPred-Short (i.e., highly ordered). 
To provide further validation of the presence of intrinsic 
disorder in the PRAME protein, we used a set of predic-
tors that showed good performance at a biannual blind 
test [52]. These predictors are fIDPnn [53], AUCpreD 
[54], and SPOT-Disorder2 [31]. We also utilized a 
deep-learning-based predictor of consensus disorder 
scores, metapredict V2 [32]. The corresponding data are 
shown in Fig. 3B illustrating that at least three regions of 
PRAME (residues 1–15, 140–172, and 505–509) are pre-
dicted as disordered by some of these tools as well. Nota-
bly, PONDR® VSL2, IUPred-Long and IUPred-Short 
also participated in the CAID competition, where they 
performed reasonably well [52]. Furthermore, we utili-
ized flDPnn to predict both the intrinsic disorder status 
of PRAME and also predicts its disorder-based functions 
[53]. We utilized this tool to look for the presence of 
disorder-based protein-, DNA- and RNA-biding regions. 
This analysis revealed that the intrinsically disordered 
region comprising residues 154–164 can be engaged in 
interactions with proteins, DNA and RNA.

Fig. 2 Amino acid composition profile of PRAME. The fractional difference is calculated as Cx−Corder
Corder

 , where Cx is the content of a given amino acid 
in the query set (PRAME), and Corder is the content of a given amino acid in the background set (Protein Databank Select 25). Amino acids marked 
with (*) are statistically significant for enrichment (L and S) or depletion (G and N) (p-value < 0.05). The amino acid residues are ranked from most 
order promoting residues ((i.e., cysteine (C), tryptophan (W), isoleucine (I), tyrosine (Y), phenylalanine (F), leucine (L), histidine (H), valine (V), 
asparagine (N), and methionine (M)) to most disorder promoting residues ((i.e., arginine (R), threonine (T), aspartate (D), glycine (G), alanine (A), 
lysine (K), glutamine (Q), serine (S), glutamate (E), and proline (P)). Positive values indicate enrichment, and negative values indicate depletion 
of amino acids
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Assessment of disorder‑related functionality
Analyzing functionality using  D2P2 platform
To assess the functionality of the intrinsic disorder in 
PRAME, we used the  D2P2 platform (Fig.  4). The  D2P2 
platform allows quantification of the functional intrin-
sic disorder of each protein and assess its relationship 
with post-translational modifications (PTMs) and dis-
order-based binding potential. PRAME’s  D2P2 output 
(Fig.  4) demonstrates relative agreement between the 
nine disorder-based predictors, where scattered regions 
of disorder predicted throughout the protein are pre-
sent. The region of PRAME that demonstrates the most 
agreement among the nine per-residue disorder predic-
tors is approximately from amino acid region 130 to 160. 
PRAME contains several conserved functional domains. 
There were two RNI like domains (residue 118–133, 
210–439) identified in the SUPERFAMILY database, and 
the InterPro server identified domains; PB007380 (resi-
dues 2–165), PB001702 (residues 120–248), PB004892 
(residues 11–505), PB014386 (residues 1–165), PB000609 
(residues 326–463), PB004908 (residues 191–392), and 
PB016350 (residues 230–286). The InterPro server places 
the human PRAME into the PRAME family (InterPro ID: 

IPR026271). LLR-containing domain (residues 188–469) 
of this protein is a member of the leucine-rich repeat 
domain superfamily (InterPro ID: IPR032675). Inter-
Pro also identifies this region as a ribonuclease inhibitor 
by CATH-Gene3D, where part of this region (residues 
188–443) is included in Functional Families (InterPro ID: 
FF000354). Finally, according to the InterPro annotations, 
human PRAME is expected to be involved in the nega-
tive regulation of the apoptotic process (GO:0043066), 
positive regulation of cell population proliferation 
(GO:0008284), negative regulation of DNA-templated 
transcription (GO:0045892), and negative regulation of 
cell differentiation (GO:0045596). There are no molecular 
recognition features (MoRFs) in PRAME as predicated by 
the  D2P2 platform. PRAME has 7 predicted post-trans-
lational modifications (PTMs), 3 ubiquitination sites, 2 
acetylation sites, and 2 phosphorylation sites.

Identification of redox‑sensitive disorder‑to‑order transition 
(DOT) regions
We next sought to understand further PRAME’s abil-
ity to under disorder-to-order transition (DOT). To 
assess whether this protein can undergo conformational 

Fig. 3 Evaluation of the intrinsic disorder predisposition of PRAME. A. Per-residue intrinsic disorder profiles generated by RIDAO that assembles 
the outputs of PONDR® VLXT, PONDR® VL3, PONDR® VSL2, PONDR® FIT, IUPred_long and IUPred_short. The mean disorder profile (MDP) 
of the protein is calculated by averaging the disorder profiles of individual predictors. The light pink shade represents the MDP error distribution. 
The thin black line at the disorder score of 0.5 is the threshold between order and disorder, where residues/regions above 0.5 are disordered, 
and residues/regions below 0.5 are ordered. The solid red line at the disorder score of 0.15 is the threshold between order and flexibility, 
where residues/regions above 0.15 are flexible, and residues/regions below 0.15 are highly ordered. B. Per-residue intrinsic disorder profiles 
generated by predictors that performed better at a biannual blind test, Critical Assessment of protein Intrinsic Disorder prediction (CAID) 
[52]. These predictors are fIDPnn [53], AUCpreD [54], and SPOT-Disorder2 [31]. We also included the outputs of the Metapredict V2, which 
is a deep-learning-based predictor of consensus disorder scores [32]. Note that most predictors used in this study utilize the threshold of 0.5 
to discriminate between ordered and disordered residues. The only exception is given by fIDPnn that utilizes the threshold of 0.3 for the same 
purpose (see right-hand Y axis in the plot B). Figure shows that PRAME is largely ordered protein but possesses elements of disorder throughout (i.e., 
regions comprising residues 1–15, 136–177, 330–376, and 510–509 are predicted as disordered by several predictors)
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reorganization following changes in the redox state of its 
environment (i.e., regions potentially capable of interac-
tion with binding partners in a redox-sensitive manner), 
the IUPred’s redox tool was utilized. We identified one 
segment of PRAME that is predicted to be moderately 
disordered in the reduced state and undergoes a transi-
tion to a highly ordered state in the oxidized form (i.e., 
DOT). This redox-related DOT of PRAME is near the 
C-terminus of the protein (i.e., residues 475–509) (Fig. 5). 
This region was marked by high levels of disorder, as evi-
denced by our per-residue disorder analysis (see Fig. 3).

Identification of droplet‑promoting regions (DPRs), 
aggregation hot‑spots, and regions with cellular 
context‑dependent interactions
The propensity of a given protein to undergo liquid–
liquid phase separation (LLPS) can be evaluated com-
putationally with FuzDrop [47]. One of the advantages 
of this tool is its capability to group proteins based on 
their LLPS propensity  (pLLPS), where proteins capable 
of spontaneous LLPS are classified as droplet-driving 

proteins, whereas proteins that need some additional 
interactions to form droplets are classified as clients. 
As per FuzDrop, LLPS drivers are proteins with the 
overall  pLLPS ≥ 0.60, whereas proteins with lower over-
all  pLLPS but containing droplet-promoting regions 
(DPRs) defined as consecutive residues with  pLLPS≥ 0.60 
will likely serve as droplet-clients [47]. Fig.  6 shows 
that although PRAME is characterized by a low LLPS 
propensity of 0.1229, it contains one DPR (residues 
151–174). Therefore, although PRAME cannot phase 
separate by itself, it can serve as a droplet client. Impor-
tantly, the DPR of PRAME represents a part of its long 
internal IDPR (residues 146–177).

Another important advantage of FuzDrop is its capa-
bility to find aggregation hot-spots, defined as residues/
regions that may promote the conversion of the liquid-
like condensed state into a solid-like amyloid state, capa-
ble of undergoing both ordered and disordered binding 
modes that can drive this process [48, 49]. Fig. 6 shows 
that human PRAME contains two of these hot-spots (res-
idues 155–164 and 168–174).

Fig. 4 The  D2P2 platform output assesses the functional disorder profile for PRAME. On the figure’s left are four identifiers for predictors used 
on the  D2P2 platform. The top right of the figure shows outputs from various per-residue disorder predictors (i.e., Espritz-D, Espritz-X, Espritz-N, 
IUPred-L, IUPred-S, PV2, PrDOS, VSL2b, VLXT); the second bracket shows predicted protein domains, the third bracket shows where molecular 
recognition features are located (MoRFs; i.e., disorder regions that become ordered when binding), and the fourth bracket shows posttranslational 
modifications (PTM) sites. The protein domains fall within regions predicted to be ordered or disordered. The MoRF regions are localized to regions 
that demonstrate extensive disorder. The PTMs are also predominantly localized to areas of each protein that contain intrinsic disorder
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Finally, FuzDrop provides an outlook of the prob-
ability of a protein having residues/regions with cellular 
context-dependence (i.e., regions containing residues 
characterized by the ability to switch between disorder 
and order-based binding) [48]. Fig.  6 demonstrates that 

PRAME contains six regions with context-dependent 
interactions (residues 3–11, 146–151, 155–164, 168–
174, 181–188, and 377–384). Importantly, these regions 
with context-dependent interactions overlap with, are 
included in, or are located in close proximity to the 

Fig. 5 Evaluation of redox-sensitive disorder predispositions of PRAME by IUPred2A_redox. The corresponding plot shows the disorder profile 
for the reduced (redox-minus) and oxidized (redox-plus) forms of a protein by violet and red lines, respectively. Shaded areas (not seen in PRAME) 
represent significant redox-sensitive regions. The C-terminus of PRAME (region is from amino acids 475 to 509) is a non-significant redox-sensitive, 
conditionally disordered/flexible region (i.e., a region that undergoes disorder-to-order transition (DOT) in a redox-sensitive manner). In its 
reduced state (redox-minus), the C-terminus is not highly disordered but flexible, characterized by an IUPred average disorder score  (ADSIUPred

redox) 
of 0.35 ± 0.11. In its reduced state (redox-plus), the C-terminus region is highly ordered (ADS.IUPred

redox = 0.059 ± 0.035)

Fig. 6 Evaluation of liquid–liquid phase separation propensity of human PRAME by FuzDrop. A PRAME has an overall  pLLPS of 0.1229, indicating 
a low probability of promoting droplet formation or liquid–liquid phase separation. However, the protein does contain one region that promotes 
droplet formation, as depicted in the top AlphaFold structure, as well as two hotspots that promote aggregation, as shown in the bottom AlphaFold 
structure. B Furthermore, the behavior of PRAME is influenced by its cellular context, as indicated by the  SBIND value, which describe the ability 
of specific residues to switch between different binding modes. Regions that exhibit context-dependent interactions can alter the protein’s binding 
behavior and binding modes in various cellular conditions. Residues or regions with  SBIND values of 2.25 or greater are capable of transitioning 
between disordered and ordered states
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IDPRs found in PRAME (e.g., residues 1–23, 146–176, 
and 330–376). Furthermore, the most N-terminal dis-
ordered region with the context-dependent interactions 
also includes two phosphorylation sites  (Ser9 and  Ser16), 
suggesting that the functionality of this region can be 
regulated by posttranslational modifications.

Protein–protein interaction network
Our analysis has elucidated that intrinsic disorder is 
embedded into the structure of PRAME. The last step in 
our disorder-based bioinformatics analysis was focused 
on understanding how the intrinsic disorder may apply to 
the binding capabilities of PRAME. Our STRING analy-
sis demonstrated that PRAME has multiple binding part-
ners (Fig. 7). Figure 7A demonstrates PRAME’s STRING 
network with medium model confidence (0.400), which 
shows 85 nodes in the network with 577 edges (interac-
tions) and has significantly more than the 126 expected 
interactions in a randomly selected set of proteins the 
same size (p-value < 1.0 ×  10–16). At a STRING model 
confidence of high (0.900, Fig. 7B), there are 4 predicted 
nodes in the  1st shell interaction network. There are 4 

predicted edges (i.e., interactions) in the network, and 
the number of interactions was approximately the same 
as what was expected for a randomly selected set of pro-
teins of the same size (p-value < 0.337).

Discussion
To the best of our knowledge, this work is the first to elu-
cidate the presence of potentially functional intrinsically 
disordered protein regions (IDPRs) in PRAME. Our find-
ings reveal the intrinsically disordered protein segments 
and regions where disorder is present within PRAME. 
This highlights the potential role these regions have in 
PRAME’s function that could be a possible focus for the 
development of immunotherapies. We show here that 
PRAME has several IDPs, some of which are relatively 
long. Furthermore, we demonstrate that these structure-
less regions are associated with dynamic portions of the 
protein and that PRAME has a complex PPI network. 
Our findings must be considered when evaluating the 
underlying molecular processes that drive the biological 
behavior of PRAME( +) Class 1 uveal melanoma.

Fig. 7 First shell interaction network of PRAME as determined by The Search Tool for the Retrieval of Interacting Genes (STRING). A The STRING 
model confidence was set to medium (0.400). There are 85 nodes in the network with 577 edges (i.e., interactions). The number of interactions 
was significantly more than the expected 126 interactions in a randomly selected set of proteins of the same size (p-value < 1.0 ×  10–16). B The 
STRING model confidence was set to high (0.900). There were 4 nodes in the network with 4 edges (interactions). The number of interactions 
was approximately the same as what was expected for a randomly selected set of proteins of the same size (p-value < 0.337)
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The AlphaFold model of PRAME qualitatively dem-
onstrated the presence of several IDPRs (i.e., spaghetti-
like regions). Our quantitative analysis indicated that 
PRAME was most enriched with leucine (p-value < 0.05), 
which is partly due to the presence of nine leucine-rich 
repeats embedded in its sequence. Of the disorder-pro-
moting residues, PRAME was significantly enriched with 
serine (p-value < 0.05). Note that at least two of those 
 (Ser9 and  Ser16) were also identified as phosphorylation 
sites, indicating that they are likely functional hotspots 
for the protein. PRAME’s average disordered score was 
16.49%, classifying it as a moderately disordered and flex-
ible protein.

Additionally, there are seven predicted post-transla-
tional modifications (PTMs) in PRAME. These amino 
acid sites are vital to the protein’s function and are con-
centrated in areas of high levels of disorder (i.e., the 
N-terminus and amino acid region 140 to 160). The con-
centration of PTMs in intrinsically disordered regions are 
known to produce a range of regional structural effects 
[55, 56]. The PTM-rich regions are predicted to be highly 
dynamic as they have one droplet-promoting region and 
two aggregation hot spots. The functions and role of 
droplet-promoting regions and aggregation hot spots are 
not fully understood, but they may play a role in regulat-
ing the concentration of proteins in the cell [47]. In addi-
tion, there are six regions with cellular state-dependent 
(i.e., context-dependent) interactions, which likely have 
highly dynamic behavior associated with PRAME’s func-
tion. This is consistent with the established notion that 
the propensity for the disorder of a protein can vary with 
cellular conditions [48].

PRAME may promote tumor progression through the 
inhibition of differentiation, growth arrest, and apop-
tosis induced by retinoic acid [57]. Through this study, 
we demonstrate that IDPRs, DOT regions, droplet-pro-
moting regions, and aggregation hot spots are present in 
PRAME and provide it the ability to undergo complex 
PPI. These entities may be considered when developing 
novel immunotherapies or biologics targeting PRAME 
as they may play a role in the increased metastasis and 
pathogenesis of Class 1 UM. The presence of highly 
dynamic intrinsically disordered protein domains and 
a potentially small interaction network make PRAME 
an even more attractive target than has previously been 
described [57, 58].

Our study brings new considerations in the molecular 
behavior of PRAME. Our group’s and other studies have 
shown that IDPs and IDPRs are associated with differ-
ent ocular malignancies, including UM [10, 14, 22, 23]. 
IDPs, IDPRs, and DOT regions have been considered 
attractive drug targets for many years [12, 22–24]. There 
is tremendous potential to apply these same principles to 

developing immunotherapies directed at PRAME to treat 
uveal melanoma. PRAME is also expressed in other non-
UM malignancies, including cutaneous melanoma, breast 
carcinoma, non-small cell lung cancer, and leukemia [59]. 
Therefore, the findings in this study may be applied to 
those pathologies. Additionally, our group has character-
ized the association of IDPRs found in a protein associ-
ated with an ocular neoplasm to the recently appreciated 
phenomenon of membrane-less organelles (MLOs) that 
is driven by liquid–liquid phase separation (LLPS). We 
demonstrate that PRAME can potentially promote the 
formation of these MLOs via LLPS. The utility of these 
findings will need to be researched further.

Among the most intriguing recent developments in the 
field of the molecular biology of the cell is the recognition 
of the abundant presence of MLOs. MLOs are subcellular 
structures formed by proteins and other macromolecules 
not enclosed by a lipid bilayer. These liquid droplet-like 
entities are formed through the process LLPS, where 
parts of the homogeneous solution of a cell separate to 
form two distinct phases. LLPS represent an ideal stress-
response mechanism that allows for the spatio-temporal 
organization of macromolecular components in living 
cells and are extremely sensitive to even minute varia-
tions of the environment (e.g., ionic strength, pH, tem-
perature, and solute concentration) [60–66]. Our group 
has become interested in these entities because the flu-
idity of MLOs is rooted in LLPS, which is thought to be 
driven by the interaction of intrinsically disordered pro-
tein regions of various proteins [60, 61, 67–69]. Although 
MLOs have multiple physiological functions, aberrant 
LLPS can be deleterious and are linked to various mal-
adies, including neurodegenerative diseases and can-
cer [70–72]. In the context of our study, we know that 
PRAME is upregulated in a subset of Class 1 UM asso-
ciated with an increased risk of metastasis. It is possible 
that PRAME’s predicted ability to undergo LLPS and 
propensity to form droplets may alter immune-associ-
ated signaling to dampen tumor regulation and enhance 
cell turnover.

Our study does not come without its limitations. 
We used databases and bioinformatics tools, and this 
approach does not represent a comprehensive nor an 
exhaustive investigation into the molecular behavior 
of PRAME. We aimed to analyze the intrinsic disorder 
qualitatively and quantitatively in PRAME and make a 
presumption on how intrinsic protein disorder may play 
a role in the pathogenesis of UM. Further work modeling 
these disordered segments through molecular dynamic 
simulations or docking analysis would be the next steps 
to target these regions further effectively. If these efforts 
were focused on in-vitro disorder-based drug discovery 
efforts, it may lead to the most success. Consequently, 
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we could develop a novel immunotherapy targeting the 
intrinsic disorder in PRAME, which may be identified 
and eventually translated to direct care of PRAME( +) 
UM patients. These findings are strictly theoretical; how-
ever, our findings establish a necessary biological frame-
work for targeting PRAME.

Through this study, we have demonstrated that intrin-
sically disordered protein regions are likely involved 
in functionality of PRAME and could be related to its 
pathogenesis in UM. Further investigation will be neces-
sary to translate these findings into patient care. Modern 
drug discovery and therapeutic target development are 
grounded in structure and order-based assumptions. We 
are taking a different aim than that paradigm and believe 
these drug discovery campaigns must also be built on 
the assumption that proteins have inherent flexibility, 
thus altering the therapeutic development process. This 
study represents an exciting take on immunotherapy 
development. Successful efforts to target the intrinsi-
cally disordered-based proteins of PRAME may reduce 
rates of metastasis and poor outcomes in Class 1 uveal 
melanomas.

Conclusion
PRAME plays an important role in tumor biology and 
has been identified as a biomarker for Class 1 UM. 
PRAME( +) Class 1 tumors are associated with higher 
rates of metastasis and, thus, worse prognosis. Our study 
demonstrates that intrinsically disordered protein regions 
are present in PRAME. IDPRs in PRAME likely have a 
role in its functionality and protein–protein interactions. 
We show that intrinsically disordered protein regions or 
disorder-to-order transition regions in PRAME are likely 
important for the functionality of the protein and could 
be targeted when developing immunotherapies for this 
protein. Future studies should further validate our find-
ings to better elucidate the role of IDPRs in PRAME for 
the treatment of Uveal Melanoma.
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