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Abstract

“Newly Born” proteins, devoid of detectable homology to any other proteins, known

as orphan proteins, occur in a single species or within a taxonomically restricted gene

family. They are generated by the expression of novel open reading frames, and appear

throughout evolution. We were curious if three recently developed programs for pre-

dicting protein structures, namely, AlphaFold2, RoseTTAFold, and ESMFold, might be

of value for comparison of such “Newly Born” proteins to random polypeptides with

amino acid content similar to that of native proteins, which have been called “Never

Born” proteins. The programs were used to compare the structures of two sets of

“Never Born” proteins that had been expressed—Group 1, which had been shown

experimentally to possess substantial secondary structure, and Group 3, which had

been shown to be intrinsically disordered. Overall, although the models generated were

scored as being of low quality, they nevertheless revealed some general principles. Spe-

cifically, all four members of Group 1 were predicted to be compact by all three algo-

rithms, in agreement with the experimental data, whereas the members of Group

3 were predicted to be very extended, as would be expected for intrinsically disordered

proteins, again consistent with the experimental data. These predicted differences

were shown to be statistically significant by comparing their accessible surface areas.

The three programs were then used to predict the structures of three orphan proteins

whose crystal structures had been solved, two of which display novel folds. Surpris-

ingly, only for the protein which did not have a novel fold, and was taxonomically

restricted, rather than being a true orphan, did all three algorithms predict very similar,

high-quality structures, closely resembling the crystal structure. Finally, they were used
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to predict the structures of seven orphan proteins with well-identified biological func-

tions, whose 3D structures are not known. Two proteins, which were predicted to be

disordered based on their sequences, are predicted by all three structure algorithms to

be extended structures. The other five were predicted to be compact structures with

only two exceptions in the case of AlphaFold2. All three prediction algorithms make

remarkably similar and high-quality predictions for one large protein, HCO_11565, from

a nematode. It is conjectured that this is due to many homologs in the taxonomically

restricted family of which it is a member, and to the fact that the Dali server revealed

several nonrelated proteins with similar folds. An animated Interactive 3D Complement

(I3DC) is available in Proteopedia at http://proteopedia.org/w/Journal:Proteins:3

K E YWORD S
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1 | INTRODUCTION

The accepted view, until quite recently, has been that protein

sequences have evolved so as to incorporate the features required for

optimal folding and function.1 Specific amino acid or oligopeptide pat-

terns appear to yield insights into phylogenetic differences between

the three kingdoms: prokaryotes, archaea, and eukaryotes.2 Surpris-

ingly, however, evidence has been presented that “from a sequence

similarity perspective, real unrelated proteins are indistinguishable

from random amino acid sequences.”3 This, at first sight, seems coun-

terintuitive, because it might be anticipated that natural sequences

would differ from random sequences in their folding characteristics.

Indeed, this conclusion has been challenged by using an ad hoc Evolu-

tionary Neural Network Algorithm (ENNA) to assess whether and to

what extent natural proteins can be distinguished from random

sequences.4 The ENNA approach could correctly distinguish natural

proteins from random sequences with >94% accuracy. Very recently,

a distilled protein language model was used to distinguish natural from

random sequences with >92% accuracy.5

Two sets of studies have shown that random sequences with

native-like amino acid composition can be expressed and that in many

cases, the expressed polypeptide chains of these “Never Born” proteins6

fold in aqueous solution into compact structures that display resistance

to proteolysis,7 or have substantial secondary structure elements.8

For some earlier studies using randomized sequences see references.9–11

Recently, 2000 random sequences of 100 amino acids each were

used to generate 3D models with RoseTTAFold (RTF).12 These initial

models were optimized by Monte Carlo sampling in amino acid

sequence space to yield “novel proteins spanning a wide range of

sequences and predicted structures”.13 129 of these sequences were

then expressed in Escherichia coli. Of those expressed, 27 yielded

monodisperse species with circular dichroism (CD) spectra consistent

with a native structure. Three of the 3D structures were determined,

and all three displayed novel folds.

The folding propensity of random sequences is of relevance in the

context of the issue of orphan genes and of the proteins that they

express, namely, “Newly Born” proteins, devoid of detectable homology

to any other proteins, which occur in a single species, or proteins that

occur within a taxonomically restricted gene (TRG) family, TRGPs.14–20

Such a possibility was considered to be impossible even by such a distin-

guished figure as François Jacob.21 However, to quote a recent review:

The origin of novel protein-coding genes was once

considered so improbable as to be impossible. In the

last decade, and especially in the last 5 years, this view

has been overturned by extensive evidence from

diverse eukaryotic lineages.”17

Both the term orphan gene and the term orphan protein are often

loosely used in more than one context. In this study, the term orphan

gene refers to a gene for which evidence has been presented that it

has arisen from what was previously a noncoding DNA sequence, and

is expressed as an open reading frame (ORF). Thus, the orphan protein

for which it codes is seen only in a single species or in one that is

closely related taxonomically, that is, a protein generated by a TRG, a

TRGP. The general contention is thus that new genes may appear out

of previously noncoding genomic regions, a process also known as

exonization,22 and code for novel protein sequences.23 The question

that then arises is how new functional protein domains might evolve

out of such random sequences?14 It is fair to say that this is still an

open question and that much more experimental data will be required.

Of particular interest are studies of higher primates in which novel

genes were identified that are shared by chimpanzees, gorillas, and

humans, whereas other de novo genes may, for example, be restricted

to humans.24–29 It should also be mentioned that it has been sug-

gested that novel protein sequences may also be generated by ORFs

present in long noncoding RNAs.15,30

Very recently, the field of structural biology has undergone a rev-

olution due to the development of the deep-learning-based protein

structure prediction programs, AlphaFold2 (AF2),31 RTF,12 and most

recently, Evolutionary Scale Modeling (ESM-2).32 All three algorithms

have been shown to predict 3D structures for many natural
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sequences closely resembling the experimental structures deposited

in the PDB.33–35 We were curious as to whether these powerful new

protein structure prediction tools might be valuable for distinguishing

natural from random sequences. Here, we use all three AIDeep Learn-

ing programs just mentioned to predict the structures of a natural

sequence and of “Newly Born” orphan proteins. We also used them

to predict the structures of the random sequences of “Never Born”
proteins expressed by Tretyachenko et al.,8 some of which these

authors had shown to fold into compact structures, others to belong

to the category of intrinsically disordered proteins (IDPs).36

2 | MATERIALS AND METHODS

2.1 | Protein sequences

Protein sequences for the crystal structures were retrieved from the

PDB (https://www.rcsb.org), for the IDPs and for the “Newly Born”
orphan proteins from UniProt (https://www.uniprot.org), and for the

10 “Never Born” proteins from the supplementary information associ-

ated with the study of Tretyachenko et al.8 (https://static-content.

springer.com/esm/art%3A10.1038%2Fs41598-017-15635-8/

MediaObjects/41598_2017_15635_MOESM1_ESM.pdf). All these

sequences are listed in Table 1.

2.2 | AF2 predictions

The AF2 predictions were performed by the AlphaFold2_advanced Colab51

at https://colab.research.google.com/github/sokrypton/ColabFold/blob/

main/beta/AlphaFold2_advanced.ipynb. The defaults used were:

• Multisequence alignment, mmseqs2

• Template protein structures were not used.

2.3 | Evolutionary scale modeling

The ESM-2 predictions were performed via the esmfold.py plug-in to

PyMp; [https://github.com/JinyuanSun/PymolFold] for sequences

containing up to 400 amino acids, and for longer sequences by ESM-

Fold.ipynb Colab [https://colab.research.google.com/github/

sokrypton/ColabFold/blob/main/ESMFold.ipynb]. The defaults for

this server were employed.

2.4 | RoseTTAFold predictions

The RTF predictions were performed by the Robetta server using the

RTF option12 at: https://robetta.bakerlab.org. The defaults for this

server were employed.

2.5 | Natural protein structure

As a control, we selected for this study one native globular protein

whose crystal structure has been experimentally determined to high

resolution, 1.36 Å, human carbonic anhydrase (UniProt—P00918,

PDB—6pea). The sequence information for this protein was obtained

from the UniProt database (https://www.uniprot.org) and the crystal

structure from the PDB [https://www.rcsb.org].

2.6 | Structure prediction and comparison

For each of the sequences submitted to the AF2 and RTF servers, the

five most probable models were generated, whereas ESM-2 gener-

ated only a single model. In the cases in which the 3D structures were

available, the predicted structures were aligned with the experimental

structures using PyMol [PyMOL Molecular Graphics System, Version

2.1 ATI-4.8.101, Schrödinger, LLC].

AF2 and ESM-2 produce an estimate of the confidence, on a scale

of 0–100, for each residue. This confidence measure is called pre-

dicted Local Distance Difference Test (pLDDT), as defined on the

IDDT-Cα metric.52 It is stored in the B-factor fields of the correspond-

ing PDB files. pLDDT is also used to color-code the residues of the

model in the 3D structure viewer (Figure 1).

For models predicted by RTF, the Root Mean Square

Deviation (RMSD) values are inserted in place of B-factors in the PDB

files generated. They are then converted into pLDDT values using a

Python program that we wrote, based on the formulae described

by,53 as seen at https://phenix-online.org/version_docs/dev-4380/

reference/process_predicted_model.html.

RMSD¼1:5exp 4 0:7�LDDTð Þð Þ ð1Þ

LDDT¼100 0:7– ln RMSDð Þ– ln 1:5ð Þð Þ=4ð Þð Þ ð2Þ

To render the coloring schemes consistent for all structures

shown, the B-factors in the original PDB files for experimentally

determined 3D structures were converted to pLDDT using the follow-

ing equations:

B¼ rmsd2
� �

8 π2
� �� �

=3:0
� � ð3Þ

rmsd¼ sqrt 3B= 8π2
� �� �� � ð4Þ

LDDT¼100 0:7� ln sqrt 3B= 8π2
� �� �� �

– ln 1:5ð Þ� �
=4

� �� �� � ð5Þ

For all structures, we then applied the color scheme used in the

PDBe AlphaFold2 database. [https://alphafold.ebi.ac.uk] shown in

Figure 1, via the color_plddt.py plugin for PyMol [https://github.com/

JinyuanSun/PymolFold].
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TABLE 1 Sequences of proteins and polypeptides utilized.

Category/protein AAs Amino acid sequence

Crystal structure

Human carbonic anhydrase37 260 >6PEA Carbonic anhydrase 2 Homo sapiens

MSHHWGYGKHNGPEHWHKDFPIAKGERQSPVDIDTHTAKYDPSLKPLSVSYDQATSLRIL

NNGHAFNVEFDDSQDKAVLKGGPLDGTYRLIQFHFHWGSLDGQGSEHTVDKKKYAAELHL

VHWNTKYGDFGKAVQQPDGLAVLGIFLKVGSAKPGLQKVVDVLDSIKTKGKSADFTNFDP

RGLLPESLDYWTYPGSLTTPPLLECVTWIVLKEPISVSSEQVLKFRKLNFNGEGEPEELM

VDNWRPAQPLKNRQIKASFK

IDPs

Drosophila gliotactin cytoplasmic

domain38
207 >Q7KT70 Gli-Cyt C-Term

RNAKRQSDRFYDEDVFINGEGLEPEQDTRGVDNAHMVTNHHALRSRDNIYEYRDSPSTKT

LASKAHTDTTSLRSPSSLAMTQKSSSQASLKSGISLKETNGHLVKQSERAATPRSQQNGS

IAKVASPPVEEKRLLQPLSSTPVTQLQAEPAKRVPTAASVSGSSRSTTPVPSARSTTTHT

TTATLSSQPAAQPRRTHLVEGVPQTSV

Human CDN1C-Cyclin-dependent

kinase inhibitor39
316 >spP49918 CDN1C_Human Cyclin-dependent kinase inhibitor 1

MSDASLRSTSTMERLVARGTFPVLVRTSACRSLFGPVDHEELSRELQARLAELNAEDQNR

WDYDFQQDMPLRGPGRLQWTEVDSDSVPAFYRETVQVGRCRLLLAPRPVAVAVAVSPPLE

PAAESLDGLEEAPEQLPSVPVPAPASTPPPVPVLAPAPAPAPAPVAAPVAAPVAVAVLAP

APAPAPAPAPAPAPVAAPAPAPAPAPAPAPAPAPAPDAAPQESAEQGANQGQRGQEPLAD

QLHSGISGRPAAGTAAASANGAAIKKLSGPLISDFFAKRKRSAPEKSSGDVPAPCPSPSA

APGVGSVEQTPRKRLR

Human osteopontin40 314 >spP10451 OSTP_Human Osteopontin

MRIAVICFCLLGITCAIPVKQADSGSSEEKQLYNKYPDAVATWLNPDPSQKQNLLAPQNA

VSSEETNDFKQETLPSKSNESHDHMDDMDDEDDDDHVDSQDSIDSNDSDDVDDTDDSHQS

DESHHSDESDELVTDFPTDLPATEVFTPVVPTVDTYDGRGDSVVYGLRSKSKKFRRPDIQ

YPDATDEDITSHMESEELNGAYKAIPVAQDLNAPSDWDSRGKDSYETSQLDDQSAETHSH

KQSRLYKRKANDESNEHSDVIDSQELSKVSREFHSHEFHSHEDMLVVDPKSKEEDKHLKF

RISHELDSASSEVN

“Never Born” proteins—Group 18

1856 109 >1856

MYQIEKADFTFDVRRRTAATDIENHAFNMVWLQSWCDVSIIKRTLDAYDEAYDAAFQRLK

PAEWAIDDWVASIQRRRRHYVAYNLSKIKLPVRLEKLSGTTLEHHHHHH

6387 109 >6387

MIEHCYSKTVYYNLEQEKYDLEVTHIEGWMRAGRKDLADNLLEDSGHVFIPEVALQENHY

REVHAKIGDAEMRVYKRELFPEPQIVEVLETPSQLFFAEIELEHHHHHH

4090 109 >4090

MVERDKPPNIWVYDAEPLQQGGIVWVHLAALYCANVDDYAPQDHLDITMYGFDHQKTNIL

SFEDESVNAQSYWQYGIIFVKSHWGEDLQGAIVESWRDSRSLEHHHHHH

2298 109 >2298

MKWYGRGREDFGSPDVDVEKNCEGEVIYGTSQELYSNVVFDWWAGISEQPTIFIGSLTTP

NTKDDMLWYRNDAKNPGHSILYNLINDYWEATEVSGIGNVVLEHHHHHH

“Never Born” proteins—Group 38

665 109 >665

MATKGADHGLAAPQPHAKWDTQIPAEGADREHRSGGGNERRFYNEGAKHAQATWAIPDEP

AFHLQPAVGEGATTDQAGSLEDQWVRSLNNNDVDPTQADETLEHHHHHH

3703 109 >3703

MSLYKFGQRRAVDPLPRQCQRDKDYDAFIGGEQNCDNELSKSFPIVVMSVFLYDPTYNVD

SEAQDNKLDHHGSEPTHGDTPTTSEDTRPGSDRVMRDVPQTLEHHHHHH

933 109 >933

MVREIDDKTISDYLARGADEGTTAYSLKIPTDKCLFAPTKKHLHGGDKSQEADPPTKSPM

VEHQFGHEPDFPSCREPEDYPGSPLVELTGLNRLTQEPNEELEHHHHHH

6851 109 >6851

MLGIVEETEHTGREGERDLDKSLQFSDGLFMEVTVDQANKLGATKASTCTKEDGPSRCRS

QHTITNLIEFSDSVDKTEKTDKEGRTGPMNSELVGGQEDEDLEHHHHHH

9927 109 >9927

MHPAEVSFSGGAPNNESKWDNRHYVQAESGEDHETGVHLGDFDEYLSLQAGPRLPMPELS

GHWGSQCLNCDKGGKKKANIVPSPEDVSKDVKSYEGFEADRLEHHHHHH
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TABLE 1 (Continued)

Category/protein AAs Amino acid sequence

9693 109 >9693

MMNGERSLIPDSMKSISAVRLIICGLIKPATAGLKEVDMHVWPNPTSLAGHSVSLYSSGK

QISNLAFGDEESPNRERETAPADEDVIPDAHDTSDSLDGEHLEHHHHHH

Orphan protein crystal structures

1o2241 170 >1o22 orphan protein TM0875 Thermatoga maritima

MGSDKIHHHHHHMRLMDILEILYYKKGKEFGILEKKMKEIFNETGVSLEPVNSELIGRIF

LKISVLEEGEEVPSFAIKALTPKENAVDLPLGDWTDLKNVFVEEIDYLDSYGDMKILSEK

NWYKIYVPYSSVKKKNRNELVEEFMKYFFESKGWNPGEYTFSVQEIDNLF

1mw542 187 >1mw5 HYPOTHETICAL PROTEIN HI1480jHaemophilus influenzae

GSHMSETDLLMKMVRQPVKLYSVATLFHEFSEVITKLEHSVQKEPTSLLSEENWHKQFLK

FAQALPAHGSASWLNLDDALQAVVGNSRSAFLHQLIAKLKSRHLQVLELNKIGSEPLDLS

NLPAPFYVLLPESFAARITLLVQDKALPYVRVSMEYWHALEYKGELNDPAANKARKEAEL

AAATAEQ

3ut843 130 >3ut8 Uncharacterized proteinjClostridium thermocellum

MTSLRDLIPKHKFDNSTIDQLCKLIDNEIEPIIFDLLKWLQDYNWPIAKDILPVVVLHQS

IAMPHILTILQGNDIMWKYWVIKLMIPYLIYPNKQLVKSELERLSSLEIINEDIREIVNL

SKDYLHFYYP

“Newly Born” proteins—well

characterized

HCO_01156544 632 >HCO_011565 from bHaecon-5 strain of

MVWLRASIIFAVATLTSGQSPTECGDPARPIAKKDVLNGTVKLPDSYKISGVISNWISNT

THAFTEAANAEVTSTLFSSRNDSLQWLAMKNDASQFFYNRTSGICEKSTSLPLAPFPELS

AISSNLTSFSTLLSGLVEFSNKEPGELVDEKVVAGVEGVRWVSCVNGTNGTNNFQIEVVF

AGVWSLKPPSAAFNNPLVQSVQISEYGNFSDKKSLKSQLSVEFDRYDTVAADESQLFSTP

SGTICSGWKEANIPLTNASDPFNVFIEMTDQNKETYKATVYYSAKEELVIVSGSKKDGSM

IFTNESGTPDGAVSVIHDFGKGYEYALGHTRCLDLSALPNNSADVVLSEGTVSMRPLAYI

LVAPELKFGNYGQLKTDDNRTVNVFRTFDNKTGDVIELHFDGNWLEKYMTFKLTDGRPSL

ASYSRYSQSTPMRASQYNELIRACFAKSSKVHNDNNTFILDVKSRSVENVYSVGVETVSS

ALAKALSQIAPINPHRVRVFYSSGPDDSLRVFFSVDEKTDKEPSIVPKYNFSAEVSTDEF

MQKLNETISKGDWKFSVVSADEKTEDWIVAARSLSRYAPSSPPSTKYAGYTGGAMFVLGV

FSLLLGVAIGAGGVFFVTKRQRISTLAYQVFE

PBOV145 135 >spQ9GZY1 PBOV1_HUMAN Prostate and breast cancer overexpressed

MRAFLRNQKYEDMHNIIHILQIRKLRHRLSNFPRLPGILAPETVLLPFCYKVFRKKEKVK

RSQKATEFIDYSIEQSHHAILTPLQTHLTMKGSSMKCSSLSSEAILFTLTLQLTQTLGLE

CCLLYLSKTIHPQII

FLJ3370646 194 >Q8NBC4 CT203_human uncharacterized protein C20orf203

MFPRPVLNSRAQAILLPQPPNMLDHRQWPPRLASFPFTKTGMLSRATSVLAGLTAHLWDL

GGGAGRRTSKAQRVHPQPSHQRQPPPPQHPGPYQERIWVGGEGWGEVGGLRLSKVGRRDR

EVGRGLRAPAGRGRAMGGMPRMGTVGDFGQALSSLAWTSTCFQDFCLPSLPGKLPAPLIS

KQQFLSNSSRSLFN

NCYM47 109 >spP40205 NCYM_human cis-antisense gene of the MCYN oncogen

MQHPPCEPGNCLSLKEKKITEGSGGVCWGGETDASNPAPALTACCAAEREANVEQGLAGR

LLLCNYERRVVRRCKIAGRGRAPLGTRPLDVSSFKLKEEGRPPCLKINK

Gm1303048 143 >trA2APQ6 A2APQ6_mouse regulating the pregnancy cycle

MCRFHLLQAIKPPEKQMEQKSSALGSIMKLSQSHATETTWVLPSQGLRDYLLHPACFHHF

RKEGRPDCRPANMIYGFDKTHPRRCCTDLLFQPRLLMLSRVLGPEQLQELLQIPDDLTSP

SLSYGSNQNLSQALNFPKHVHTG

TaFROG49 130 >trA0A0K1YY56 A0A0K1YY56_Wheat Fusarium resistance orphan

MVWSTSKQQGGEREESKQHKMVKEVKTPIFTHQLSFHSLPLNKVKNIEVDRLRLSFTTPK

NSTLVPVDSGSDEESDEDRGCSDIDSNKPMDEGLDHICSGLHAIPRKNKARSAKKRSHKI

SSRKFYKIFS

Newtic150 375 >Newtic1

MAGSLEPAMATTSYSAFLWALMSTASMVSTVALLLLCGLCRRLRKQGSHSISARNGSLTR

AQTTLTKVTQKNEELPMNGTKTVEGIENGAFSASEPVDPSEPQVELPVDVQTSRRSPDSK

RASQNKTLQGPQESLKHRRLPSIPHIMLNQPDNERNSGVPMQRPTFQPPEPPTYEEVHGG

KAAVESGPPERAVGGGLSQRVGPMHESWIGDDEEWPAAPPLTLFDQPFENVYTDLKNESI

ATLKDQPIIVPTVDSAGTQKSSPQATASVGVEPHEENSTSIPAPLSWRFHLALASNTEDN

TAVQDPTLTGLYSKVKKSTKRPFSLPSSTLEDPLKVEDDVPPPVPVKQFDIEEDLSTQNQ

DIEDPLPPPPILLIN
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2.7 | Detection of novel and unique folds

The Dali server (http://www2.ebi.ac.uk/dali) was used to check if the

protein folds were novel.54,55

2.8 | Calculation of accessible surface area

The accessible surface area (ASA) for 3D protein structures was calcu-

lated using the PyMOL Molecular Graphics System, Version 2.1 ATI-

4.8.101 Schrödinger, LLC.

2.9 | Morphs for the five top models

To facilitate comparison of each set of the five top models generated

by AF2 and RTF, a morph was generated via PyMOL after first align-

ing the five top model structures on top of each other using PyMOL.

These morphs are displayed under Supplementary information S1.

2.10 | Prediction of intrinsically disordered regions

The prediction of intrinsically disordered regions was performed using

FoldIndex56 (https://fold.proteopedia.org/cgi-bin/findex) and

flDPnn57 (http://biomine.cs.vcu.edu/servers/flDPnn).

2.11 | Amino acid compositions, pIs, and charge
calculations

Amino acid compositions were calculated using the Expasy ProtParam

tool [https://web.expasy.org/protparam]. The pI values, and the pro-

tein charges at pH 7.4, were calculated using the Prot pi j Protein Tool

[https://www.protpi.ch/Calculator/ProteinTool].

2.12 | BLASTP sequence searches

BLASTP sequence searches were performed using the NIH-NLM site

[https://blast.ncbi.nlm.nih.gov/Blast.cgi?PAGE=Proteins].

3 | RESULTS

The AI/Deep Learning tools that have recently been developed have

revolutionized the prediction of 3D protein structures.31,32,53 This is

exemplified by Figure 2, which displays the high-resolution (1.63 Å)

crystal structure of human carbonic anhydrase (PDB 6pea), together

with the structures predicted by RTF, ESM-2, and AF2. It is immedi-

ately apparent that all three algorithms predict this structure very well,

displaying high pLDDT scores (Table 2). The RMSD values, relative to

the crystal structure, are 0.76 Å, 0.42 Å, and 0.32 Å for RTF, ESM-2,

and AF2, respectively. It should be noted that this protein possesses a

commonly occurring fold, and has many sequence homologs.

It is now well established that many native proteins are either

partially or completely disordered, and are known as IDPs.36 In a

review by Uversky58 it is stated that “…eukaryotes typically have a

higher disorder score than either archaea or prokaryotes, since

52%–67% of eukaryotic proteins have long IDP regions (IDPRs; ≥30

residues) as compared to 26%–51% and 16%–45% proteins with such

long IDPRs in archaea and bacteria, respectively.59,60”
Several groups have examined how well AF2 can be used to pre-

dict IDPs.61–63 We were also curious as to how well RTF and ESM-2

would predict their structures. Figure 3 shows the predictions for

three such proteins, the cytoplasmic domain of gliotactin, the ChE-like

adhesion molecule from Drosophila,38 human CDN1C-cyclin-

dependent kinase inhibitor,39 and human osteopontin.40 RTF, ESM-2,

and AF2 predict highly unfolded structures for all three proteins. For

each individual protein, the models generated by the three algorithms

are very different. This is, perhaps, not surprising, since IDPs can

adopt large repertoires of conformations. In several of the models,

substantial α-helical stretches are predicted, with their percentage in

the RTF models being significantly higher than in those generated by

the other two methods. They do not appear to correspond to real heli-

cal stretches since physicochemical data for the three proteins do not

support their presence.

As mentioned in the Introduction, Tretyachenko et al.8 predicted,

by use of bioinformatic tools, that some of the sequences that they

subsequently expressed would be ordered/folded, with a high content

of secondary structure elements, whereas others would be disor-

dered/unfolded (IDPs), with a low content of secondary structure ele-

ments. They found that only low-significant matches were found by

BLAST for the whole set of random sequences.8

On the basis of their bioinformatic analysis, they selected groups

of 15 proteins each from the random sequence library. Members of

Group 1 were predicted to have high secondary structure, low disor-

der, and high solubility. Members of Group 3 were predicted to have

low secondary structure, high disorder, and high solubility (Figure 4).

They showed that 31% of the proteins in Group 1 expressed in solu-

ble form, and used CD to demonstrate that they had substantial sec-

ondary structure. All the proteins in Group 3 expressed in soluble

form, and had low secondary structure.

We used the three algorithms to model the structures of several

members of Group 1 (Figure 5) and Group 3 (Figure 6). For all four

members of Group 1, RTF predicts compact structures with a high

percentage of secondary structure. The structures predicted by

F IGURE 1 Colorcoding scheme based on the PDBe AlphaFold
database [https://alphafold.ebi.ac.uk/].
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ESM-2 and AF2 are more open, with a higher percentage of disor-

dered stretches. In contrast, for Group 3, AF2 and ESM-2 predict, with

one exception, very open structures, characteristic of IDPs. RTF pre-

dicts some of the structures to be open and others to be more com-

pact. For each individual member of Group 3, the models generated

by the three algorithms are very different, as was the case for the

well-studied native IDPs referred to in the previous section.

Figure 7 displays the accessible surface areas (ASAs) for the pre-

dicted models of proteins in Group 1 (red) and Group 3 (blue), using

RTF, ESM-2, and AF2. A student's t-test showed that all three pre-

dicted statistically significant differences in ASA between Group

1 and Group 3, with p values being 0.046, 0.002, and 0.007 for RTF,

ESM-2, and AF2, respectively. The larger ASA values for the Group

3 proteins relative to those in Group 1 are consistent with their having

more open structures. This quantitatively confirms the clear differ-

ences in the models predicted by the algorithms that are displayed in

Figures 5 and 6.

Despite the fact that research on orphan proteins is a hot topic,

largely due to its evolutionary implications,64 we were able to find

only three crystal structures of orphan proteins in the PDB. Figure 8A

shows the crystal structure of orphan protein TM0875 from Therma-

toga maritima (PDB 1o22),41 alongside predictions of its structure by

RTF, ESM-2 and AF2. The RMSD values, relative to the crystal struc-

ture, are 1.37 Å, 17.72 Å, and 1.62 Å for RTF, ESM-2, and AF2,

respectively. The crystal structure showed only 149 amino acids,

although the sequence that was used for crystallization consisted of

170 amino acids. The pLDDT scores are well correlated with the

RMSD values, with ESM-2 showing the lowest agreement with the x-

ray structure. The authors pointed out that this was a novel fold, and

application of the Dali54,65 server reveals that it still maintains this sta-

tus based on a much large number of experimental structures in the

PDB. However, a BLAST search revealed many Thermatoga homologs,

with the 15th displaying 57% identity for 90% of the sequence. Thus,

this protein is a TRGP rather than a true orphan.

Figure 8B shows the crystal structure of a second orphan protein

deposited in the PDB, that of the hypothetical protein HI1480 from

Haemophilus influenzae (PDB 1mw5),42 alongside the structures pre-

dicted by RTF, ESM-2 and AF2. The RMSD values, relative to the

crystal structure, are 1.31 Å, 17.6 Å, and 7.3 Å for RTF, ESM-2, and

AF2, respectively. It is important to point out that the crystal structure

was able to discern only 162 amino acids, although the sequence used

for crystallization consisted of 187 amino acids. The pLDDT scores

are well correlated with the RMSD values, with RTF being the only

method showing good agreement with the x-ray structure, while AF2

showed some similarity. It is worth noting that, even though the

25-residue disordered region is not seen in the crystal structure, it is

predicted to be largely helical by RTF. This is in keeping with our

observation that in both authentic IDPs, and in members of Group

3 of the “Never Born” proteins, helical stretches were quite fre-

quently predicted by one or other of the three algorithms. In this case,

too, the authors pointed out that this is a novel and unique fold, and

application of the Dali server again reveals that it still maintains this

status based on the much large number of experimental structures

now available, as well as the entire AlphaFold Database. A BLAST

search confirmed its orphan status.

Cthe_2751, whose crystal structure has been determined

[PDB_ID 3ut8], is a protein from Clostridium thermocellum with

unknown function, which had been reported to be a singleton.43

However, a BLAST search that we performed revealed many homo-

logs from the genus Clostridium. So, in fact, it is not an orphan, but

rather a TRGP. Examination of its crystal structure revealed an all

α-helical topology similar to those observed for nucleic acid proces-

sing proteins43 (Figure 8C).

We then went on to use the three algorithms on orphan proteins

and TRGPs for which no experimental structures were available. We

did this both in order to see how the predictions of the three algo-

rithms would compare, and whether they would predict novel folds.

Although many ORFs have been identified which code for putative

orphan proteins, only in a limited number of cases has their associa-

tion with a well-defined biological activity been established. We have

identified seven such proteins for which the necessary sequence data

are also available. These proteins are:

F IGURE 2 Crystal structure
of human carbonic anhydrase,
PDB 6pea (top), and structures
predicted by RoseTTAFold (left),
Evolutionary Scale Modeling
(center), and AlphaFold2 (right).
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• HCO_011565 from the Haecon-5 strain of the nematode, Hae-

monchus contortus. This is a 632-residue protein that has been

expressed and characterized by Taki et al.,44 who showed that it

was the target of a nematodicidal small molecule. They also

modeled it using AF2, which predicted that it has a well-defined

3D structure, with a transmembrane domain at its C-terminus.

When we performed BLAST on this protein, we found that the first

74 homologs retrieved were all from nematodes. The 75th was

TABLE 2 pLDDT scores for the structural models predicted by the three algorithms.

Category/protein Number of AAs IDa

pLDDT

Xtalb RTFc ESM-2 AF2d

Crystal structures

Human carbonic anhydrase 260 6pea/P00918 86.2 86.7 92.7 97.3

IDPs

Drosophila gliotactin cytoplasmic domaine 207 Q7KT70 11.0 49.7 52.3.

Human CDN1C-cyclin-dependent kinase inhibitor 316 P49918 11.0 63.2 57.9.

Human osteopnotin 314 P10451 5.8 40.2 50.2

“Never Born” proteins—Group 1

#1856 109 39.2 37.8 48.6

#6387 109 24.8 35.5 36.5

#4090 109 25.5 30.55 42.8

#2298 109 45.3 30.9 48.5

“Never Born” proteins—Group 3

#665 109 37.4 40.7 58.1

#3703 109 24.9 44.2 53.4

#933 109 25.3 41.1 52.9

#6851 39.4 39.7 45.4

#9927 23.8 40.8 72.8

#9693 37.6 44.9 51.6

Orphan protein crystal structures

1o22 Thermatoga maritima TM0875—unknown function 170 1o22/Q9WZX8 80.7 68.4 34.4 72.8

1mw5 Hemophilus influenzae hypothetical protein HI1480 187 1mw5/P44209 74.9 67.9 38.9 44.6

3ut8 Clostridium thermocellum—unknown function 130 3ut8/Cthe_2751 77.8 88.2 92.6 97.5

“Newly Born” protein orphans and TRGPs

HCO_01156544 from the bHaecon-5 strain of H.

contortus

632 HCO_011565 59.8 86.2 83.2

PBOV145—Human tumor-specific gene 135 Q9GZY1 36.4 36.4 46.1

FLJ3370646—Human gene expressed in neurons (alt ID

C20orf203)

194 Q8NBC4 28.8 31.2 50.5

NCYM47—Human DNA binding transcriptional activator

homolog

109 P40205 26.2 30.7 45.2

Gm1303048—Mouse involved in regulating the pregnancy

cycle

143 A2APQ6 26.3 33.4 36.0

TaFROG—Triticum aestivum (common wheat) 130 A0A0K1YY56 31.4 40.0 60

Newtic149—Cynops pyrrhogaster (Japanese fire-bellied

newt)

375 Newtic1 10.9 53.3 57.4

Abbreviations: AAs, amino acids; AF2, AlphaFold2; ESM-2, Evolutionary Scale Modeling; RTF, RoseTTAFold; TRGPs, taxonomically restricted gene

proteins.
aIDs: a four letter code is a PDB ID (https://www.rcsb.org), while the longer ID corresponds to a UniProt accession ID (https://www.uniprot.org).
bCalculated from the PDB entry (https://www.rcsb.org).
cCalculated from the RTF highest-ranked model.
dCalculated from the AF2-Colab highest ranked model.
eC-terminal 207 residues of the Drosophila gliotactin cytoplasmic domain.
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from a tick, with the E value increasing from 1 � e�9 to 3 � e�6

between the 74th and 75th homologs. Thus, it is clearly a TRGP

rather than a true orphan.

• PBOV1 is a human de novo gene with tumor-specific expression

that is associated with a positive clinical outcome of cancer.45 It is

highly expressed in primary gliomas and breast tumors. PBOV1

codes for a protein that contains 135 residues, whose function is

unknown. The authors reported that they were unable to find any

orthologs, whether in humans or in any other species. Our BLAST

search produced many hits, but all were described as “Low-Quality

F IGURE 3 3D structure predictions
for three intrinsically disordered proteins
using RoseTTAFold (RTF), Evolutionary
Scale Modeling (ESM-2), and AlphaFold2
(AF2). (A). Gli-Cyt, RTF (left), ESM
(center), AF2 (right); (B). CDN1C, RTF
(left), ESM (center), AF2 (right); (C).
Osteopontin, RTF (left), ESM (center),
AF2 (right).

F IGURE 4 Selection of sequences
from the set of “Never Born” proteins
taken for experimental characterization.
Secondary structure is plotted on the y-
axis vs. relative disorder on the x-axis.
Members of Group 1 (green circles) fall
into the category of ordered/folded
proteins, and members of Group 3 (red
circles) fall into the category of
disordered/unfolded proteins. This figure
was previously published in Tretyachenko
et al.8 licensed under a Creative
Commons Attribution 4.0 International
License http://creativecommons.org/
licenses/by/4.0/ and reproduced here
with no change.
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Proteins”, meaning that it is uncertain if they are, in fact, real pro-

teins So, the PBOV1 gene product appears to be a true human

orphan protein.

• FLJ33706 (alternative gene ID C20orf203) was identified as a de

novo human gene in studies concerned with nicotine addiction.46

It is abundantly expressed within neurons in several areas of the

human brain, including cortex, cerebellum, and mid-brain, and ele-

vated expression was observed in Alzheimer's disease brain sam-

ples. It codes for a protein that contains 194 residues, and the

authors identified it as human-specific. Our own BLAST search also

revealed no orthologs. As was the case for PBOV1, our BLAST

search for FLJ33706 produced many hits, but all were described as

“Low-Quality Proteins”, again meaning that it is uncertain if they

are, in fact, real proteins. So, the FLJ33706 gene product, too,

appears to be a true human orphan protein.

• NCYM, a cis-antisense gene of the MYCN oncogene, encodes a de

novo evolved protein that regulates the pathogenesis of human

cancers, especially neuroblastomas.47 The NCYM protein, which

contains 109 residues, inhibits the gsk3β kinase, which, in turn,

promotes degradation of the MYCN gene product. So, NYCM is

the first de novo evolved protein to act as an oncopromoter in

human cancer. For NCYM, our BLAST search revealed many “Low-

Quality Homologs” and a few genuine hits, all from monkeys. So,

the gene product appears to be a TRGP.

• Gm13030, a protein containing 143 residues, which is encoded by

a young protein-coding gene, is specifically expressed in the ovi-

duct of the female mouse.48 If the gene expressing it is knocked

out, the pregnancy cycle is shortened, and the infanticide rate

increased.48 In this case, too, our BLAST search revealed no ortho-

logs. So, the gene product appears to be a true orphan protein.

• TaFROG, which stands for Triticum aestivum Fusarium resistance

orphan gene, expresses a protein that confers resistance on wheat

(T. aestivum) to the mycotoxigenic fungus, Fusarium graminearum.49

The TaFROG protein, which contains 130 residues, and was found

to be an IDP, is localized to the nucleus, and acts by interacting

with the α subunit of the sucrose non-fermenting-related kinase

1. Our BLAST search revealed two uncharacterized proteins from

related wheat, and a few hypothetical proteins. Thus, the TaFROG

protein appears not to be a true orphan, but rather a TRGP with a

small number of identified homologs.

• Newtic1 is a protein expressed in the regenerating limbs of the

adult Japanese fire-bellied newt, Cynops pyrrhogaster.50 It is found

in only one other closely related newt. It is specifically expressed in

a subset of erythrocytes that form clumps that accumulate in the

distal portion of the regenerating limb, and may be involved in

clump formation. It contains 375 amino acids, with a transmem-

brane sequence near its N-terminus. Our BLAST search did not

reveal any additional homologs than the one referred to already.

So, the gene product appears to be a true orphan protein.

The number of amino acids for these seven orphans/TMGPs

ranges from 109 for NCYM to 632 for HCO_011565, and their pI

values range from 4.99 for Newtic1, which contains 7.7% Glu and

5.1% Asp residues, with a net charge at pH 7.4 of �15.67, to a pI

value of 12.23 for FLJ33706, which contains 10.3% Arg and 2.6% Lys

residues, with a net charge at pH 7.4 of +15.25.

F IGURE 5 3D structure predictions
for 4 members of Group 1 of “Never
Born” proteins (experimentally shown to
be compact, with substantial secondary
structure), with RoseTTAFold (left),
Evolutionary Scale Modeling (center), and
AlphaFold2 (right). (A) #1856; (B) #6387;
(C) #4090; (D) #2298.
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As an initial step in characterizing these seven proteins, we uti-

lized FoldIndex56 and flDPnn57 to investigate whether they were pre-

dicted to be intrinsically disordered or folded. Although these

algorithms make similar predictions, since flDPnn was selected as the

best disorder predictor in the first Critical Assessment of Protein

Intrinsic Disorder Prediction (CAID),66 the data displayed in Figure 9

F IGURE 6 3D structure predictions for
6 members of Group 3 of “Never Born”
proteins, with RoseTTAFold (left),
Evolutionary Scale Modeling (center), and
AlphaFold2 (right). (A) #665; (B) No. 3703;
(C) No. 933; (D) No. 6851; (E) No. 9927;
(F) #9693.
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were generated using it. Five of the proteins are predicted to be

almost completely folded, although FLJ33706 has a short, disordered

stretch in the middle of its sequence. The other two, TaFROG and

Newtic1, are classified as IDPs, since they are predicted to be disor-

dered throughout almost their entire sequences.

Of the seven proteins studied using the three structure predic-

tion algorithms, only the first, that of HCO_011565, shows fully

folded and almost identical structures (Table 3 and Figure 10), with

high pLDDT scores (Table 2). Most likely, this is for two reasons.

Firstly, rather than being a true orphan, HCO_011565 is the prod-

uct of a TRG,44 with the BLAST search having revealed that the

first 74 homologous sequences, with the lowest E values, were all

from nematodes. Secondly, the DALI server revealed a number of

hits for the entire predicted structure, as well as for the three sub-

domains predicted by all three algorithms. This is very similar to

what was observed when the algorithms were applied to

Cthe_2751, whose crystal structure has been solved. It, too, is a

TRGP with many homologs, and does not possess a novel fold

(Figure 8C). It is interesting that AF2 and ESM-2 give essentially

identical structures, although the two algorithms are quite

different.

The flDPnn disorder algorithm predicted that TaFROG49 and

Newtic150 are mostly unfolded; indeed, all three structure prediction

algorithms produce very open structures for both of them, just as was

seen for the highly disordered Group 3 “Never Born” proteins

(Figure 6). It is interesting that in Newtic1 a substantial stretch near

its N-terminus is predicted to be ordered. Casco-Robles et al.50 pre-

dicted that the sequence F17LWALMSTASMVSTLVALLLLCGLC40, is a

transmembrane sequence; it is therefore likely to be α-helical, and

such an assignment is, indeed, made by all three structure prediction

algorithms (Figure 10).

The remaining four proteins45–48 are predicted to be predomi-

nantly folded by flDPnn. However, the three structure prediction

algorithms yield quite different results for each of them. We should,

of course, stress that the pLDDT scores are very low for all these

structures, using all three algorithms. However, our present interest is

not in their precise 3D structures, but rather in their overall shapes.

For all four proteins, RTF yields the most compact structures, with a

high percentage of secondary structure (mostly α-helical), while for

the structures predicted by ESM-2, there is substantial secondary

structure, but the structures are somewhat less compact. In the case

of AF2, three of the structures are very open, but that of PBOV1 is

quite compact, and is somewhat similar to that predicted by the other

two algorithms.

4 | DISCUSSION

The discovery of “Newly Born” orphan proteins,23–26 and of proteins

coded for by TRGs, namely, TRGPs, which utilize DNA sequences that

were previously not expressed, raises cogent questions as to how the

polypeptides coded for by such sequences evolve into biologically

active proteins.

Are the powerful structure prediction algorithms that have

emerged in the past 3 years applicable to the structure analysis of

such emergent proteins? In this context, it is worth noting that both

F IGURE 7 Comparison of the accessible surface areas (ASAs) for
“Never Born” proteins. ASA values for Group 1 are displayed in red,
and those for Group 3 in blue. For RoseTTAFold (RTF) and
AlphaFold2 (AF2), the black vertical bars indicate the maximum and
minimum values of the five predicted models. For Evolutionary Scale
Modeling (ESM-2) no bars are shown, since it predicts only one
model. Top panel, RTF; middle panel, ESM-2; bottom panel, AF2.
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AF2 and RTF use MSA of homologous proteins as an important ele-

ment for structure prediction,12,31 while ESM-2 does not.32

True orphan proteins have no sequence homology to any existing

protein. We thought, therefore, that the “Never Born” proteins gener-
ated and investigated by Tretyachenko et al.8 would serve as a valu-

able benchmark for comparison. These authors expressed and purified

a substantial number of polypeptides that had compositions similar to

those of authentic proteins but whose sequences were random. Based

on CD measurements, they found that a significant number of the

random sequences, Group 1, were compact, with substantial second-

ary structure, while another set, Group 3, appeared to be IDPs. We

examined members of these two groups of polypeptides using all

three structure prediction algorithms. Although the structures pre-

dicted differed significantly in detail, and had low pLDDT scores, by

analysis of the ASA data, it was clear that the members of Group

1 were statistically significantly more compact than those of Group

F IGURE 8 Crystal structures
of an orphan proteins and of two
taxonomically restricted gene
proteins (TRGPs), and the models
generated by the three structure
prediction algorithms. (A) Crystal
structure of the TRGP TM0875
from Thermatoga maritima, PDB-
ID 1o22 (top), and the structures

predicted by RoseTTAFold (RTF;
left), Evolutionary Scale Modeling
(ESM; center), and AlphaFold2
(AF2; right), (B) Crystal structure
of the orphan protein
hypothetical protein HI1480
from Haemophilus influenzae,
PDB-ID 1mw5 (top), and
structures predicted by RTF (left),
ESM (center) and AF2 (right),
(C) Crystal structure of the TRGP,
Cthe_2751, from Clostridium
thermocellum, PDB-ID 3ut8 (top),
and structures predicted by RTF
(left), ESM (center) and AF2
(right).
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F IGURE 9 . flDPnn predictions of order/disorder in seven well-studied orphan or taxonomically restricted gene (TRG) proteins.
(A) HCO_011565; (B) PBOV1; (C) FLJ33706; (D) NCYM; (E) GM13030; (F) TaFROG; (G) Newtic1. Sequences above the red horizontal line are
classified as disordered, and below the line as ordered.
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3 (Figure 7). Moreover, for members of Group 1, both RTF and ESM-2

predict significantly more compact structures than AF2. For Group

3, for which both physicochemical evidence and IDP algorithms indi-

cated that they were intrinsically disordered,8 all three algorithms pre-

dicted remarkably well that they were disordered, with one exception,

#6851 in the case of RTF (Figure 6D). It would be interesting to deter-

mine the structures of members of Group 1, to examine directly

whether they fold into compact structures.

We similarly analyzed “Newly Born” orphan proteins and TRGPs.

Parenthetically, some of the proteins that we examined, which had

been defined as orphans in the cited publications, turned out to be

TRGPs.

As presented under Results, screening of the PDB revealed

only three ‘orphan’ proteins for which crystal structures had been

deposited. Only one of these was a true orphan, PDB-ID 1mw5.

The other two, PDB-ID 1o22 and PDB-ID 3ut8, were TRGPs. The

first two had novel folds, while the third, 3ut8, had a fold that had

already been described in proteins that were functionally

completely unrelated. It should be noted that the models predicted

for this structure by all three algorithms are in excellent agreement

with the crystal structure, very much better than the predictions

made for the other two orphans/TMGPs displayed and discussed

above. This may be attributed to the large number of homologs

revealed by BLAST and possibly due to the fact that structures of

proteins with similar folds are present in the PDB. Thus, perhaps

not surprisingly, not all orphan proteins, or TMGPs, display novel

folds.

For the seven orphans, or TRGPs, for which no 3D structure data

were available, the disorder predictor, flDPnn, indicated that five were

compact and two were IDPs.

For one of the compact structures, HCO_011565, the three

structure algorithms predicted remarkably similar structures with very

high pLDDT scores. In contrast, for the other four, all three algorithms

predicted structures with very low pLDDT scores. It is plausible that

the high quality and similarity of the structures predicted for

HCO_011565 is due to the fact that the Dali server identified many

structures in the PDB with similar folds for the entire protein and for

each of its three domains. In addition, BLAST identified many homolo-

gous nematode sequences. The quality of the data is similar to that of

the data obtained for 3ut8, for which, in addition to the existence of

homologous sequences detected by BLAST, and of proteins from

TABLE 3 Comparison of the RMSD values for the 3D structures
of HCO_011565 predicted by the three algorithms.

Prediction algorithms RMSD (Å) Number of atoms used

ESM-2 vs. RTF 3.5 3640

AF2 vs. RTF 3.6 3782

AF2 vs. EMS-2 1.2 3.773

Note: The alignments were performed with PyMOL super command,

which automatically determines the number of atoms to be used.

Abbreviations: RTF, RoseTTAFold; AF2, AlphaFold2; ESM-2, Evolutionary

Scale Modeling.

F IGURE 10 3D structure predictions for seven orphan/TMG
proteins using RoseTTAFold (RTF; left), Evolutionary Scale Modeling
(center), and AlphaFold2 (AF2; right). (A) HCO_011565; (B) PBOV1;
(C) FLJ33706; (D) NCYM; (E) Gm13030; (F) TaFROG; (G) Newtic1.
Morphs of the five multiple models generated by RTF and AF2 can be
visualized in the Supplementary information S1.
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other families that displayed the same fold that Dali detected, the

crystal structure was available to confirm the predictions.

Monzon et al.67 recently examined 250 protein sequence families

in the AntiFam resource,68 which are thought to be spurious proteins.

Specifically, they are believed to be ORFs either on the opposite

strand or in a different, overlapping reading frame, with respect to the

true protein-coding or noncoding RNA gene.68 Monzon et al.67 con-

jectured that proteins belonging to these families would not fold into

well-folded globular structures. Using AF2, they confirmed this predic-

tion with one exception. To the best of our knowledge, these spurious

protein sequences were not examined with RTF or ESM-2. Since

some of the data presented above suggest that AF2 may over-predict

sequences lacking homologs to be unstructured, it would be worth

using these two alternative algorithms to see whether they would pre-

dict that some of these sequences might indeed fold into compact

structures. Thus, they may not be spurious and possibly have biologi-

cal functions that could be tested experimentally.

In the Introduction, we referred to a recent study from the Baker

lab,13 in which 129 random sequences were modeled with RTF.

Although these models have low pLDDT scores, and thus most likely

differ significantly in detail from the actual structures, they can pro-

vide good low-resolution starting points to evolve in the lab into well-

folded and biologically active structures.

One conclusion that can be drawn from the data presented above

is that some orphan proteins and TRGPs display novel folds that do

not overlap with folds already present in the PDB. Indeed, the total

number of distinct protein folds has been the topic of heated contro-

versy.69,70 In this study, novel folds are observed for two of the three

orphan proteins for which crystal structures exist, that is, 1o22 and

1mw5 (Figure 8A,B).

One of the major reservations that have been made with respect

to orphan proteins being “Newly Born” proteins, coded for by

sequences that were previously noncoding sequences, is that the

genes in question might have undergone such rapid evolution that

their homology to their predecessors was no longer recognizable.71,72

The fact that two of the orphan proteins studied here, whose 3D

structures have been experimentally determined, display novel folds

substantially weakens this argument.

In retrospect, it is not surprising that many random polypeptide

sequences of a suitable amino acid composition, at a first approxima-

tion with a high content of hydrophobic residues and a low net

charge,73 will yield a compact structure containing substantial second-

ary structure motifs, as shown by Tretyachenko et al.8 This may be

due to the fact that the sequences retained the amino acid composi-

tions of the natural proteins from which they were generated, thus

not being completely random.

The paradigm change introduced by Kuwajima and by Ptitsyn in

the 1980s74,75 resulted in the realization that the newly synthesized

polypeptide that emerges from the ribosome does not persist as an

extended unfolded polypeptide unless it is an IDP, but rather collapses

to what is termed a “Molten Globule” (MG), a compact structure

somewhat larger than the fully folded native structure. The MG con-

tains substantial secondary structure elements, but lacks the precise

tertiary interactions of the native structure. Small proteins may spon-

taneously undergo a transition to the native state, whereas larger pro-

teins may require the assistance of molecular chaperones to complete

the folding process. The spectroscopic data of Tretyachenko et al.8

only tell us that compact structures, with secondary structure ele-

ments, have been produced by their random polypeptide sequences.

When a native protein unfolds to a MG or some other partially

unfolded species, hydrophobic amino acid side chains buried in the

hydrophobic core become exposed. The degree of their exposure can

be checked by use of the amphiphilic probe, 1-anilinonaphthalene-

8-sulfonate (ANS), whose fluorescence is enhanced upon interaction

with the hydrophobic residues.76 It would, therefore, be interesting to

compare the ANS fluorescence of the “Never Born” Group 1 proteins

generated by Tretyachenko et al.8 to that of typical globular proteins

in their native state. It is worth mentioning that in an early study on

the folding of polypeptides with random sequences of simplified

amino acid composition, NMR data indicated loose packing of the

folded state.9

In any event, one can speculate that “Newly Born” proteins

might, initially, assume an MG-like conformation that would resemble

that of the “Never Born” proteins, and that mutations, coupled with

natural selection, might convert some of them into “native” orphan

proteins with novel biological activities. This may be considered analo-

gous to what occurred in the study in which the hallucinatory proteins

were generated.13

Why do RTF and ESM-2 do relatively well in predicting plausible

compact structures for randomized sequences that have been shown to

be compact experimentally, whereas AF2 often makes predictions that

are either clearly wrong or implausible? In a recent brief survey of the

principles underlying AF2,77 it was emphasized that it makes extensive

use of MSA for the detection of conserved interactions of residues that

are remote from each other in the linear sequence. This approach was

earlier proposed, and implemented with a certain degree of success by

Marks and Sander.78 Obviously, such conserved interactions of distant

residues would not exist in randomized sequences. Nor would such

conserved interactions be available in orphan proteins, which lack

ancestral homologs and, furthermore, in some cases display novel folds.

Apparently, even if RTF makes use of such conserved long-distance

interactions, it is able to successfully model the overall shape of novel

proteins consistently, even in the absence of such information. The fact

that ESM-2 is based on natural language, and does not make use of

MSA may explain why it, too, does better than AF2.

This study's principal conclusion is that many orphan proteins and

TRGPs are predicted to have a compact 3D structure, and, in some

cases, a novel fold. It will be interesting to express and purify more of

these proteins, so as to determine their experimental structures, in

order to find out whether some of them also have novel folds.

Because the sequences of orphan proteins lack homology infor-

mation, protein structure prediction for them has recently become a

hot topic.79 The approaches and methodologies that we have imple-

mented in this study may provide a starting point for datasets and

protocols to evaluate the performance of structure prediction algo-

rithms on sequences that lack homology to other sequences.
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