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Abstract 38 

The number of available protein sequences in public databases is increasing 39 

exponentially. However, a significant percentage of these sequences lack functional 40 

annotation, which is essential for the understanding of how biological systems operate.  41 

We propose a novel method, QAUST, to infer protein functions, specifically Gene 42 

Ontology (GO) terms and Enzyme Commission (EC) numbers. Our method uses three 43 

sources of information: structure information encoded by global and local structure 44 

similarity search, biological network information inferred by protein-protein interaction 45 

data, and sequence information extracted from functionally discriminative sequence 46 

motifs. The three pieces of information are combined by consensus averaging to make the 47 

final prediction. Our approach has been tested on 500 protein targets from the CAFA 48 

benchmark set. The results show that our method provides accurate functional annotation 49 

and outperforms other prediction methods based on sequence similarity search or 50 

threading. We further demonstrate that a previously unknown function of TRIM22 51 

protein predicted by QAUST can be experimentally validated. Availability: 52 

http://www.cbrc.kaust.edu.sa/qaust/submit/. 53 
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Introduction 59 

As of today, over 88 million protein sequences are available in the UniProtKB/TrEMB [1] 60 

database. However, this increase in the number of known protein sequences does not 61 

reflect a parallel increase in our biological knowledge, as less than 1% of these sequences 62 

have a manually annotated function [2]. On the other hand, the functional annotation of 63 

these sequences is not only an essential step for the understanding of physiological 64 

processes and biological systems in living entities, but also one of the highly challenging 65 

tasks in biology, which is why there is an increasing need to provide reliable, automated 66 

protein function annotation.  67 

Significant efforts have been made to identify evolutionarily related proteins and 68 

automatically transfer functional annotations between homologous protein pairs [3−6]. 69 

To make such sequence similarity based functional transfer possible, powerful sequence-70 

alignment methodologies have been developed. In particular, algorithms like 71 

BLAST/PSI-BLAST [3] and hidden Markov model (HMM) based techniques [4−6] have 72 

been frequently used to transfer functional annotations between homologous proteins. 73 

The underlying assumption of these sequence-based methods is that evolutionarily related 74 

proteins may inherit the function of a shared common ancestor. However, there are 75 

numerous cases in which proteins with high sequence similarity have distinct functions 76 

[7,8]. To partially address the problem, several methods have been developed to predict 77 

function using annotated conserved sequence motifs that are responsible for the 78 

functional aspect of the protein. These methods typically construct the sequence motifs 79 

from multiple sequence alignment of proteins belonging to the same protein family with 80 

known function [9−11]. They, however, have two major limitations. First, high-quality 81 

sequence alignment is typically required for motif construction, which is not trivial to 82 

obtain especially when the sequence homology is low. Second, the accuracy is limited by 83 

the quality of functional annotation of motifs. To overcome these limitations, we propose 84 

in this work to use a protein-specific “functionally discriminative motif” constructed 85 

from sequence fragments excised from the template sequence.  86 

From another perspective, the 3D structure of a protein sequence is believed to be 87 

more involved in its biological function [12,13] since structures are more conserved than 88 

the sequences. The 3D structure of a protein can therefore provide additional information 89 



  

 

for function transfer, especially when the sequence similarity between related proteins is 90 

too low for sequence homolog detection [14,15]. However, the relationship between the 91 

protein function and its structure is not straightforward, as in some cases, similar 92 

structures perform the same function while in many cases similar folds perform different 93 

functions [16,17]. Therefore, many prediction methods have been relying on local 94 

structure similarity search methods rather than global similarity search to identify 95 

functionally homologous proteins [18−20]. Most of these approaches scan the query 96 

protein against a library of known conserved spatial motifs or known active sites (e.g., 97 

binding sites) with known function [21]. Local similarity search methods have been 98 

proven to be quite accurate in detecting functional similarity between proteins of different 99 

folds, but they also have a high probability of producing false positive matches [22]. One 100 

possible solution is to combine global and local structure alignment to overcome the 101 

promiscuity of global structure comparison and low specificity of local structure 102 

matching [23,24], which we implement in this project.  103 

A number of function prediction methods are based on the information extracted from 104 

protein-protein interaction (PPI) networks [25,26]. The assumption in this case is that 105 

proteins that physically interact with each other frequently appear at the same sub-cellular 106 

location and are part of the same biological process [27]. However, it is not always  the 107 

case that proteins which interact with each other share the same molecular function (e.g., 108 

PD1 and PD-L1), which is why PPI information is not always sufficient to predict very 109 

specific functions [28].  110 

Finally, recently there is an emergence of methods which combine multiple sources 111 

of information (PPI, domains, sequence alignments, etc.) using advanced machine 112 

learning algorithms to perform function prediction. These methods have shown to 113 

improve the prediction performance over methods that use only one type of information 114 

[29−37].   115 

In this work, we propose a new protein function prediction method, Quantitative 116 

Annotation of Unknown STructure (QAUST), which combines the global and local 117 

structure similarity search with protein-protein interaction networks and functional 118 

sequence motif detection. Our approach follows a sequence-to-structure-to-function 119 

workflow. Starting from the protein amino acid sequence, we first generate structure 120 



  

 

predictions by the Iterative Threading ASSembly Refinement method (I-TASSER) [38]. 121 

The predicted structure is then used to identify the proteins with similar functions based 122 

on a combination of global and local structure similarity search method that follows the 123 

same pipeline used in COFACTOR [24,39]. Protein-protein interaction information is 124 

meanwhile extracted from the STRING database [40]. And finally, we extract 125 

functionally discriminative sequence motifs as our third main prediction feature. The 126 

confidence scores obtained from these three features are combined in a consensus 127 

function to obtain our final confidence score. 128 

Since the terminology of a “protein function” might be ambiguous, we would like to 129 

clarify that the definitions of function followed in this work is Enzyme Commission (EC) 130 

numbers [41] and Gene Ontology (GO) terms [42]. EC numbers are used to categorize 131 

enzymes into hierarchical families using a numerical classification. Specifically, the EC 132 

number (which is composed of four numbers separated by periods i.e., A.B.C.D) refers to 133 

the reaction catalyzed by a specific enzyme. On the other hand, the GO terms are a set of 134 

controlled vocabulary to formally describe proteins and RNAs based upon their functions. 135 

Three aspects of ontologies, Biological Process (BP), Cellular Component (CC) and 136 

Molecular Function (MF), are defined in this database. Each one of these three GO 137 

aspects is represented by a structured directed acyclic graph (DAG), where nodes 138 

represent GO terms which describe gene product functions, while the edges represent the 139 

relationships (“is_a” or “part_of”) between the GO terms. In GO’s functional hierarchy, 140 

the more general functions are on the top of the graph while more specific terms are 141 

usually present further down the graph. 142 

  Our prediction results are compared to the following programs: COFACTOR 143 

[39,43], a global and local structure similarity-based method, LOMETS [44], a meta-144 

threading algorithm, HHsearch [5], an HMM-based method that is widely used to detect 145 

protein homologs, BLAST [3], which transfers annotations based on sequence similarity, 146 

naïve baseline which predicts GO terms based on their annotation frequency, as well as 147 

two highly-ranked methods from the CAFA assessment [45], GoFDR [32], and INGA 148 

[46]. 149 

 150 

Methods 151 



  

 

Dataset 152 

To evaluate QAUST for EC prediction, we used the benchmark data set of COFACTOR 153 

[39,43] as our testing data set. This data set consists of 318 enzymes with unique EC 154 

numbers (first three digits) covering all 6 enzyme classes. Similarly, all sequences in our 155 

template libraries with a sequence identity > 30% with the query enzymes are excluded 156 

from the template libraries. 157 

We evaluate QAUST for GO prediction on a data set of 500 randomly chosen non-158 

redundant proteins from the CAFA 2 targets (https://biofunctionprediction.org/cafa/) 159 

annotated with at least one GO term. To eliminate any structure or function homologs to 160 

the query, templates having a sequence identity > 30% with the query proteins are 161 

excluded from the template libraries both in the I-TASSER threading library and our 162 

function prediction template libraries.  163 

 164 

Enzyme Commission (EC) number prediction 165 

Global and local similarity search 166 

The first step of our protein function prediction is the generation of the predicted 3D 167 

model of the query protein using I-TASSER [38] as outlined in Section S1. The predicted 168 

model of the query protein obtained from I-TASSER is then scanned against a non-169 

redundant (pairwise sequence identity no more than 90%) structure template library of 170 

2,385 enzymes with at least the first three digits of EC number annotated by the Catalytic 171 

Site Atlas (CSA) database [47]. This library scanning detects homologous structure 172 

templates to the query proteins using two types of structure similarity search programs: 173 

global similarity search and local similarity search. 174 

 175 

Global similarity search 176 

Templates with a similar global structure to the predicted structure of the query protein 177 

are detected from the template library using TM-align [48]. Another important 178 

consideration when searching for templates with similar global folds to the query protein 179 

is the quality of the structural models. Appraising the accuracy of the structure modeling 180 

in the scoring scheme helps to reduce the number of false positive predictions. In this 181 



  

 

particular case, the quality of the predicted I-TASSER model generated in the previous 182 

step is evaluated using Cscore [38]. 183 

 184 

Local similarity search 185 

The local structural search approach consists of three steps (Figure 1). The first of which 186 

is the structural match of the specific catalytic/active residue pairs. For a given pair of 187 

query and template proteins, we first scan the known catalytic/active residues of the 188 

template through the query sequence. The query’s residues whose amino acid types are 189 

the same as the amino acid types of the template’s catalytic/active residues are marked as 190 

potential active sites in the query. The structures of all combined sets of marked residues 191 

in the query are extracted from the predicted model and used as candidate active sites. 192 

The structure of the candidate site is superimposed on the known catalytic/active residues 193 

in the template. To make the structure superimposition more reliable, for each residue i, 194 

the coordinates of C atoms and side-chain centers of mass of the two neighboring 195 

residues, i.e., the i-1 and i+1th residues are also included in the superimposition. 196 

The second step is to identify the key local environment residues around the active 197 

sites in the query and the template. For this purpose, we superimpose the complete 198 

structure of the query and template proteins based on the rotation matrix obtained from 199 

the superimposition of the candidate catalytic/active residue structures obtained in 200 

previous step. A sphere of radius r is then defined around the geometric center of the 201 

template’s local 3D fragments, where r is the maximum distance of the template residues 202 

in the local 3D fragment from the geometric center. The sphere represents a local 203 

environment or probable active site region, under which the query and template’s 204 

chemical and structural similarity are compared. Because a sphere comprising of a very 205 

small number of catalytic/active residues can easily generate false positive hits, when the 206 

template’s active site region is small, we set the number of residues inside the sphere to 207 

be a minimum of 20 residues. This value is obtained using minimum grid search 208 

parameter optimization by evaluating different sphere sizes in the range of [10,50] 209 

residues to select the most accurate value. 210 

In the third step, the best alignment of the local active site residues in the spheres 211 

between the query and the template is identified using a scoring function similar to TM-212 



  

 

align. Starting from the initial superposition of the query and template protein structures, 213 

we perform a Needleman-Wunsch dynamic programming to generate the best alignment 214 

for the residues in the selected sphere of the template and the query, where the alignment 215 

score matrix Sij for aligning the ith residue in the query and the jth residue in the template 216 

is defined as: 217 

                                                     S𝑖𝑗 = [
1

1 +
𝑑𝑖𝑗

𝑑0

+ 𝑀𝑖𝑗],                                     (1) 218 

where dij is the Cα distance between residues i and j, d0 is the distance cutoff given by 219 

8.11524.1 3
0  Ld  obtained from TM-align,  Mij is the substitution score between the 220 

ith and jth residues taken from the BLOSUM62 mutation matrix with the value 221 

normalized by the diagonal element in the mutation matrix. The gap penalty is set as -1. 222 

For a given scoring matrix Sij, a new alignment is generated by dynamic programming. A 223 

new superposition and scoring matrix are then constructed based on the new alignment to 224 

obtain a newer alignment from dynamic programming. This procedure is iteratively 225 

repeated until the final alignment is converged. For each alignment, the active site match 226 

(AcM) is evaluated using an alignment score defined as: 227 

              AcM =
1

𝑁𝑡
∑

1

1 + (
𝑑𝑖𝑖

𝑑0
)

2

𝑁𝑎𝑙𝑖

𝑖=1

+
1

𝑁𝑡
∑ 𝑀𝑖𝑖

𝑁𝑎𝑙𝑖

𝑖=1

,               (2) 228 

where Nt represents the number of residues in the active site sphere of the template, Nali is 229 

the number of aligned residue pairs. The maximum AcM score obtained during the 230 

heuristic iterations is recorded for each candidate active site. Finally, the set of residues in 231 

the candidate active site which has the highest AcM score is selected to evaluate the 232 

similarity between the query and the template’s active site. The weights and form the 233 

AcM score have been derived based on the predicted structures of 100 randomly chosen 234 

training proteins from the template library, which are non-homologous (sequence 235 

similarity < 30%) to the test proteins in order to maximize the sensitivity and specificity 236 

of the predictions. 237 

 238 

Scoring function for global and local similarity search 239 



  

 

The final score for predicting EC numbers, used to sort the hits from the enzyme library 240 

is a combination of the global similarity search score and the AcM score (obtained from 241 

the local similarity search) and is defined as:  242 

 243 

𝑄𝐴𝑈𝑆𝑇𝐸𝐶 = 𝐶𝑛𝑜𝑟𝑚 ∙ [𝑇𝑀 +
𝐶𝑜𝑣

1 + 𝑅𝑀𝑆𝐷𝑎𝑙𝑖
] + 2 ∙ 𝐼𝐷𝑎𝑙𝑖 ∙ 𝐶𝑜𝑣 +

𝐴𝑐𝑀

2
 .      

 
(3) 244 

where Cov represents the coverage of the structural alignment, RMSDali is the RMSD 245 

(root-mean-square deviation) between the model and the template structure in the 246 

structurally aligned region, and IDali is the sequence identity between query and template 247 

based on the alignment generated by TM-align. The hyperbolic-tangent-like 248 

normalization is further used to normalize the raw EC score to be between 0 and 1: 249 

               𝑄𝐴𝑈𝑆𝑇𝐸𝐶𝑛𝑜𝑟𝑚 =
2

1 + exp (−𝑄𝐴𝑈𝑆𝑇𝐸𝐶)
− 1.              (4) 250 

 251 

Gene Ontology (GO) term prediction 252 

For GO term prediction, we combine three different predictors. Each one of these 253 

predictors generates a confidence score. The three confidence scores obtained are then 254 

combined in a consensus function to generate the final prediction score. We use three 255 

predictors: first, the global structure similarity, which uses I-TASSER to predict the 3D 256 

structure of the query, and then scans a library of templates to identify those which have a 257 

similar global structure to the predicted model. The second predictor is based on PPI 258 

information, and the third one is based on extracted functional sequence motifs.  259 

 260 

Global protein structure similarity 261 

Similar to EC prediction, I-TASSER is also used here to construct the corresponding 3D 262 

model to the query sequence. The model obtained is then scanned against a library of 263 

templates to identify those which share a similar global structure to the query model 264 

(https://zhanglab.ccmb.med.umich.edu/BioLiP/library.html). For the time being, the 265 

functionally important residues for most of the proteins in the GO template library are 266 

unknown. Therefore, only the global similarity search is taken into consideration when 267 

sorting the hits from the GO library. Global similarity search for GO prediction is done in 268 

https://zhanglab.ccmb.med.umich.edu/BioLiP/library.html


  

 

a similar way to global similarity search for EC prediction described in the previous 269 

section. The only difference is that to select the best hits for GO prediction, we rank a 270 

template using the Fh-score defined as: 271 

 272 

𝐹ℎ𝑠𝑐𝑜𝑟𝑒 = 𝐶𝑛𝑜𝑟𝑚 × (𝑇𝑀𝑠𝑐𝑜𝑟𝑒 +
1

1 + 𝑅𝑀𝑆𝐷𝑎𝑙𝑖  
× 𝐶𝑜𝑣) + 3 × 𝐼𝐷𝑎𝑙𝑖 × 𝐶𝑜𝑣.   (5) 273 

 274 

Since each single protein can be annotated with multiple GO terms and the global search 275 

may result in many close template structures, a query protein can have multiple GO term 276 

predictions with high Fh-scores. Therefore, the confidence score of each GO term is 277 

calculated as follow: 278 

                    𝑃𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒(𝜆) =
1

𝑁
∑ 𝐹ℎ (𝑖)

𝑁𝜆

𝑖=1

,                       (6) 279 

where λ represents a given GO term, Nλ is the number of templates annotated with the 280 

GO term λ, and N is the total number of templates selected for generating the consensus. 281 

When multiple close templates are available, we only consider the templates with an Fh-282 

score >1. For those query proteins with less than 10 templates of Fh-score >1, the top 10 283 

templates are selected for generating the consensus prediction regardless of the Fh-score. 284 

Also, given the hierarchical nature of the GO DAG, we consider that when a protein is 285 

annotated with a given GO term, all its ancestor GO terms (through “is_a” relation) are 286 

automatically implied. Therefore, once a GO term λ is scored, we score all its ancestor 287 

terms as well. The score of any ancestor GO term µ of term λ is calculated as:  288 

               𝑃𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒  (𝜇) =  𝑃𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒  (𝜆) × (1 +
𝑁𝜇

𝑁0
),              (7) 289 

where Nµ and N0 are the number of leaf nodes under node µ and the root node, 290 

respectively. Since COFACTOR [39,43] uses a similar structure scoring function, we 291 

have highlighted the main differences between QAUST and COFACTOR in Section S2, 292 

and compared our method with COFACTOR in the experiments. 293 

 294 

Protein-protein interaction network 295 



  

 

We exploit the information provided by the STRING [40] database, which is a library of 296 

PPI networks, to extend our prediction set. The query protein sequence is mapped to its 297 

corresponding STRING entry by BLAST, with minimum sequence identity cutoff of 90%. 298 

Extracting the PPI partners of the query, we calculate the confidence score of STRING 299 

for a GO term λ (PSTRING (λ)) as the frequency of the GO term λ among the 300 

experimentally annotated interaction partners of the query protein:  301 

                              𝑃𝑆𝑇𝑅𝐼𝑁𝐺(𝜆) =
𝑛𝜆

𝑁
 ,                              (8) 302 

where 𝑛𝜆  is the number of interaction partners annotated with the GO term 𝜆 and 𝑁 is the 303 

number of partners associated with term 𝜆, according to the corresponding UniProt-GOA 304 

(http://www.ebi.ac.uk/GOA) entry of this PPI partner. This score could take any value 305 

from 0 to 1. 306 

 307 

Functionally discriminative sequence motifs 308 

In addition to the structure similarity search and protein-protein interaction features 309 

discussed above, we also include sequentially extracted features to predict GO terms 310 

since a sequence is a highly valuable source of information that can especially be useful 311 

when dealing with proteins for which we cannot construct a good quality 3D structure 312 

model or those with no known protein-protein interaction information.  313 

Our functionally discriminative motif detection algorithm follows three steps: 314 

detection of sequence templates, identification of functionally discriminative motifs given 315 

a GO term, and scoring the query protein. 316 

Detection of sequence templates for query protein: The sequence homologs of the 317 

query sequence are detected by PSI-BLAST [3] from the Uniref90 database [49]. We 318 

filter all obtained homologs with sequence identity > 30% to the query. 319 

Identification of functionally discriminative motifs given a GO term: We map all the 320 

selected sequence homologs of the query to their corresponding GO annotations in the 321 

UniProt-GOA database (http://www.ebi.ac.uk/GOA). GO terms assigned with “Inferred 322 

from Electronic Annotation” (IEA) or “No biological Data available” (ND) evidence 323 

codes are not considered. We also filter out annotations with evidence code IPI (Inferred 324 

from Physical Interactions) since we use protein-protein interaction (PPI) information in 325 

our features. After filtering these annotations, we are left with the annotations based on 326 

http://www.ebi.ac.uk/GOA
http://www.ebi.ac.uk/GOA


  

 

evidence codes: EXP, IDA, IMP, IGI, IEP, TAS, and IC.  For each GO term λ, we build 327 

two sets of sequences from the set of homolog sequences detected in the previous step. 328 

These two sets are: the “annotated set”, which is the set of sequence homologs annotated 329 

with this specific GO term, and the “not-annotated set”, which is the set of sequence 330 

homologs not annotated with this given GO term. For each one of these two sets, we 331 

extract the ten most frequent motifs by extracting all unique amino acid motifs of length 332 

[4,7] from the sequence set using sliding windows. These motifs are ranked in 333 

descending order by their occurrences. The top 10 most frequent motifs are the initial 334 

"frequent list", while the remaining motifs are in the "waiting list". If, within the 335 

"frequent list", a short motif is a substring of another longer motif, the shorter motif is 336 

discarded, and the most frequent motif from the "waiting list" is transferred to "frequent 337 

list" to ensure that the latter always has 10 motifs. This process is iterated until, in the 338 

"frequent list", any motif is not a substring of another motif. The motifs in the "frequent 339 

list" are used for matching the query in the next step. 340 

Scoring the query protein: For each of the two sets (annotated and not-annotated sets) 341 

we check the number of frequent motifs extracted in the previous step that are also 342 

present in the query sequence. Then, we calculate the confidence score of the GO term 343 

given the query sequence as follows:  344 

             𝑃𝑀𝑂𝑇𝐼𝐹(λ) =
𝑛𝑞(𝜆)

𝑁(𝜆)
[1 −

𝑛𝑞(𝜆𝑐)

𝑁(𝜆𝑐)
],                   (9) 345 

where 𝜆 is the given GO term, 𝑁(𝜆) and 𝑁(𝜆𝑐) are the number of frequent patterns from 346 

the “annotated set” and “not-annotated set”, both of which equal to 10. 𝑛(𝜆) and 𝑛(𝜆𝑐) 347 

are the corresponding number of matched patterns at the query sequence. This score can 348 

take any value from 0 to 1. An ideal value of this score would be equal to 1, which 349 

happens when all the sequences in the annotated set contain these frequent motifs and 350 

none of the sequences in the not-annotated set contains these same motifs. This scoring 351 

function has been designed to penalize the prediction in case the query sequence matches 352 

a high number of frequent motifs from the not-annotated set. This way, the scoring 353 

function accounts for two essential pieces of information: which set has the maximum 354 

number of frequent motifs matched in the query, and how significant is the difference 355 

between the number of matched motifs from the annotated set to that from the not-356 



  

 

annotated set. Figure 2 shows a flowchart detailing the three steps of extracting 357 

functional sequence motifs. 358 

 359 

Consensus 360 

To predict GO terms, the three main scores obtained from the three different predictors 361 

(the structure search, the PPI network, and the functional motifs) are combined by 362 

consensus averaging to calculate the final confidence score 𝑃𝑐𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠(𝜆) for a GO term 𝜆: 363 

 364 

𝑃𝑐𝑜𝑛𝑠𝑒𝑛𝑠𝑢𝑠(𝜆) = 1 − ∏ (1 − 𝑃𝑚(𝜆))

m∈{𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒,𝑆𝑇𝑅𝐼𝑁𝐺,𝑀𝑂𝑇𝐼𝐹}

              (10) 365 

This equation used to calculate the consensus has been previously used by other methods 366 

for protein function prediction [46]. If one or more predictors are not available for a given 367 

term (e.g., no interaction partners are known for the given query), only the available 368 

predictors are used to obtain the confidence score. Also, since GO uses the true-path rule 369 

(i.e., if a protein is associated by a term, it is also implicitly annotated by its ancestors), 370 

for every predicted GO term, all its ancestors are considered to be predicted as well since 371 

they are more general terms. 372 

 373 

Results 374 

Prediction of EC numbers 375 

We compared the EC prediction performance of our method to five methods: HHsearch 376 

[5], LOMETS [44] , BLAST [3], COFACTOR [39,43] and DEEPre webserver [50]. We 377 

compared the performance of these methods based on precision (positive predictive value) 378 

and recall (sensitivity) rates. Figure 3 shows the precision-recall graph corresponding to 379 

four baseline methods as well as QAUST. Since the DEEPre webserver does not report 380 

the confidence score with the annotation, we could not draw the precision-recall curves 381 

but compared QAUST to DEEPre based on accuracy. An EC number prediction is 382 

considered to be “true” if the first three digits of the EC number from the hit are identical 383 

to those of the query protein; otherwise the hit is considered to be “false”. As shown in 384 

Figure 3, the rate of true positive predictions using the EC-score is much higher than that 385 

of HHsearch, LOMETS, BLAST and COFACTOR at most recall rates. QAUST has also 386 



  

 

an area under precision-recall curve (AUPRC) of 0.712 which is higher than that of 387 

COFACTOR (0.643), LOMETS (0.510), and HHsearch (0.489). Table 1 reports the 388 

accuracy of QAUST compared to five other methods including DEEPre and 389 

COFACTOR. The results show that DEEPre has a slightly higher performance than 390 

QAUST in terms of accuracy, which is probably due to the fact that DEEPre is a machine 391 

learning method trained on a large number of enzymes with known functions that overlap 392 

or contain close homologs to our test data. 393 

 394 

Prediction of GO terms 395 

To assess the contribution of individual predictors to the GO prediction performance by 396 

QAUST, we visualize the precision-recall curve of the structure similarity search alone 397 

(Pstructure), the precision-recall curve of structure similarity search combined with PPI 398 

information (Pstructure and PSTRING), and that of the final QAUST prediction (Pstructure, 399 

PSTRING and PMOTIF). Additionally, we compared the prediction performance on our 400 

dataset (please see subsection Dataset under section Methods) to COFACTOR [39,43], 401 

BLAST [3], LOMETS [44], HHsearch [5], INGA [46] webserver, a method that 402 

combines BLAST, PPI information and Pfam in one predictor, and GoFDR [32], one of 403 

the top function prediction methods at the CAFA assessment [45] which uses a machine 404 

learning model as classifier and discriminative residues as the main feature. 405 

The performance has been primarily evaluated using precision-recall curves 406 

computed at each prediction score threshold. We also used the Fmax measure as a 407 

quantitative measure to evaluate the overall performance of the precision-recall curves. 408 

Precision, recall, and Fmax are defined in the same way as the CAFA evaluation [51]. The 409 

Fmax measure has been computed as the maximum value of the Fmeasure which is computed 410 

at each threshold as 
𝟐×𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏×𝒓𝒆𝒄𝒂𝒍𝒍

𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝒓𝒆𝒄𝒂𝒍𝒍
. 411 

Precision at threshold t is defined as 
|𝐏𝐱(𝐭)∩𝐂𝐱) |

|𝐏𝐱(𝐭)|
 , while recall is defined as 

|𝐏𝐱(𝐭)∩𝐂𝐱) |

|𝐂𝐱|
 412 

where 𝐱 is a query protein, 𝐏𝐱(𝐭) is the set of predicted terms for 𝐱 at threshold t and 𝐂𝐱is 413 

the set of correct terms that 𝐱 is experimentally annotated with. 414 

Similar to the CAFA evaluation [34], we also reported the minimum semantic 415 

distance (Smin) as an additional evaluation metric for GO prediction. Smin is defined as 416 



  

 

𝑚𝑖𝑛𝑡{√𝑟𝑢(𝒕)2 + 𝑚𝑖(𝒕)2}, where ru(t) is the remaining uncertainty at threshold t defined 417 

as  
1

𝑛𝑒
∑ ∑ 𝑖𝑐(𝑓) | 𝑓 ∉ 𝑃𝑖(𝑡) ∧ 𝑓 ∈ 𝐶𝑖  𝑓

𝑛𝑒
𝑖=1  and mi(t) is the misinformation at threshold t 418 

defined as  
1

𝑛𝑒
∑ ∑ 𝑖𝑐(𝑓) | 𝑓 ∈ 𝑃𝑖(𝑡) ∧ 𝑓 ∉ 𝐶𝑖 𝑓

𝑛𝑒
𝑖=1 , where 𝑛𝑒is the number of proteins in 419 

our dataset, 𝑷𝒊(𝒕) is the set of predicted GO term for protein i at threshold t, 𝑪𝒊 is the set 420 

of terms that protein i is actually annotated with and ic( f )  is the information content of 421 

the GO term  f. The very general and unspecific GO terms such as “Molecular Function”, 422 

“Biological Process”, “Cellular Component”, “Binding” and “Protein Binding” are 423 

excluded from the evaluation.  424 

As shown in Figure 4, our method combining structure, PPI and functional motif 425 

information achieves higher precision than most other methods at most recall points, in 426 

particular for MF and BP. For our dataset, structure and motif information has been used 427 

for all proteins. However, the PPI information from STRING was missing for 74 proteins. 428 

In this case, only the structure and motif information is used. The Fmax measure values are 429 

reported in Table 2 while the minimum semantic distance (Smin) values are reported in 430 

Table 3. Surprisingly, in CC prediction, naïve baseline which predicts GO terms based 431 

on their annotation frequency, achieves higher performance than all other methods 432 

including QAUST. In fact, in the CAFA assessment [45], naïve baseline also 433 

outperformed most of the other methods in predicting CC terms. One possible 434 

explanation for why naïve baseline has higher Fmax for CC terms prediction is because the 435 

most frequently used CC terms in protein annotation are usually part of a small set of 436 

very general terms such as “cytoplasm” or “intracellular part”. Since the naïve baseline is 437 

solely based on frequency, it increases the chance of predicting a true positive [45]. We 438 

also reported the p-values obtained from the Mann-Whitney U test to assess the 439 

significance of the difference in performance of QAUST compared to all other methods 440 

in  Section S3 and Table S1.  441 

As a further analysis, to investigate if the performance of our method is solely due to 442 

the power of the I-TASSER structure prediction we used, we replaced the I-TASSER 443 

structure prediction component of our method by HHsearch and LOMETS structure 444 

prediction, respectively. Our results show that no matter which structure prediction 445 

method is used, our scoring function, Pstructure, can significantly improve the performance 446 



  

 

on predicting the GO terms. Meanwhile, among the three structure prediction methods, I-447 

TASSER with PStructure consistently performs the best over all three GO hierarchy 448 

branches of MF, BP and CC, whereas LOMETS with PStructure has the second best 449 

performance on MF and CC, and HHsearch with PStructure is the second best on predicting 450 

BP terms (Section S4 and Figure S1). Additionally, we have evaluated the performance 451 

of our method when only PPI and motif information are used without including any 452 

structure-based information. The results show that the function prediction performance 453 

drops when structure features are not used (Section S5 and Figure S2). 454 

 455 

How do protein-protein interaction information and functional sequence motifs improve 456 

the prediction?  457 

Protein-protein interaction information extracted from STRING is an important feature 458 

used in our prediction. In Figure 4, we show how protein-protein interaction information 459 

alone improves the performance achieved by the structure similarity search (orange dash 460 

lines versus magenta dash lines). The precision-recall curves in Figure 4 show that the 461 

contribution of protein-protein information from STRING is very significant for CC and 462 

BP terms, especially for large recall rates. Moreover, the precision-recall curves confirm 463 

our initial hypothesis on the utility of PPI information for function annotation. As shown 464 

in the figure, while there is some improvement in predicting MF terms, this improvement 465 

is not substantial. The reason PPI is not particularly helpful in MF term prediction is most 466 

probably because proteins that interact with each other do not necessarily share the same 467 

specific molecular function, even when they are part of the same biological process.  468 

In addition to the structure similarity search and the protein-protein interaction 469 

features, the results show that the functional motifs extracted improve the performance of 470 

the prediction significantly. As a further analysis, we have evaluated the performance of 471 

our functional motif detection method when both predicted and experimentally annotated 472 

GO terms are taken into consideration instead of considering experimental annotations 473 

only. The results of this experiment are reported in Section S6 and Table S2. In addition 474 

to comparing the performance of our method to BLAST, LOMETS, HHsearch, and 475 

COFACTOR, we also compared it to INGA and GoFDR, two top methods from CAFA 476 



  

 

[45] in particular for MF and BP terms prediction, and to naïve baseline which is one of 477 

the performance references used in CAFA.  478 

 479 

Case study 480 

To better illustrate the performance of QAUST and the contribution of each component 481 

to the prediction, we used as an example Bacteriophage T4 gene 59 helicase assembly 482 

protein (P13342) (the cyan structure in Figure 5A), which is a DNA binding protein 483 

required mainly for DNA replication in the late stage of T4 infection [52]. Figure 5B 484 

shows the set of BP terms associated with this protein. In this particular example, both 485 

BLAST and INGA did not predict any correct term for this protein (the naïve root term is 486 

not counted here). When solely using global structure similarity (Pstructure), we could only 487 

predict one single correct BP term. This makes sense because all the queries in our test 488 

set are difficult targets, which do not have close homologs in the template database. For 489 

instance, the closest template for this query P13342 is the methionine-tRNA ligase (the 490 

magenta structure in Figure 5A), which corresponds to the PDB ID 2CT8A. The 491 

sequence identity between P13342 and 2CT8A is only 6.84% and the TM-score between 492 

the two structures is only 0.24. Therefore, structure similarity or homology-based 493 

methods are not expected to predict the function of the query well. Structure information 494 

(PStructure) combined with PPI predicted three correct terms out of six. On the other hand, 495 

QAUST predicted four correct terms out of six. In addition, the prediction of QAUST is 496 

at least one level deeper in the GO hierarchy than the other methods. Meanwhile, the 497 

predicted MF and CC terms for this protein by QAUST are at least as accurate as other 498 

methods. Two other case studies illustrating examples for predicting MF and CC terms 499 

can be found in Sections S7 and S8, respectively. 500 

 501 

Experimental validation of TRIM22 dimerization 502 

To provide an experimental assessment of the performance of QAUST, we chose the 503 

human tripartite motif-containing 22 (TRIM22) protein as an example. TRIM22 is known 504 

as an interferon-inducible protein which shows antiviral activity, such as HIV, HBV and 505 

HCV [53−55]. Recent studies also showed that TRIM22 mediates autophagy in human 506 



  

 

macrophages [56]. However, the function of TRIM22 is still not comprehensively 507 

understood as the protein only exists in primates.  508 

We applied QAUST to predict the function for TRIM22. Among the predicted GO 509 

terms with high consensus scores (Section S9 and Table S3), some of the CC and BP 510 

terms agree well with the previously known functions of TRIM22, such as the CC term 511 

“nucleus” and the BP term “response to virus”. However, the only two predicted MF 512 

terms have quite high consensus scores, “protein binding” and “protein 513 

homodimerization activity”, suggesting that TRIM22 binds to itself to form a dimer.  514 

We thus set out to test if human TRIM22 can form homodimer using 515 

coimmunoprecipitation (Figure 6A). We first expressed Flag or GFP-tagged human 516 

TRIM22 protein by co-transfecting the two plasmids into HEK293T cells. After 48-hour 517 

incubation, cells were harvested and lysed (20 mM Tris-HCl pH7.5, 150 mM NaCl, 1 518 

mM EDTA, 1% NP-40  with proteinase inhibitor). Both Flag and GFP-tagged TRIM22 519 

were detected in cell lysate by western blot (Figure 6B). We then pulled down Flag-520 

tagged TRIM22 from the cell lysate. For each sample, 25 μl protein A/G beads were 521 

incubated with 1 μg Flag antibody at 4 degree. Mouse IgG was used as a negative 522 

control. After 2 hours, beads were washed with lysis buffer and then incubated with 500 523 

μg cell lysate at 4 degree for another 2 hours. Western blot showed that when Flag-tagged 524 

TRIM22 was pulled down, GFP-tagged TRIM22 can be detected by GFP antibody 525 

(Figure 6C), which showed that GFP-tagged and Flag-tagged TRIM22 bind together in 526 

HEK293T. To further confirm this binding, we did co-IP in the opposite way. Flag-527 

tagged TRIM22 was also detected in immunoprecipitation of GFP-tagged TRIM22 528 

(Figure 6D). These results reveal that TRIM22 can bind to itself, which is most likely to 529 

form the homodimer. 530 

 531 

Conclusion 532 

In this work, we developed QAUST, a method to predict biological functions of protein 533 

molecules using three main features: global and local protein structure similarity, protein-534 

protein interaction and functional sequence motifs. In our method, we constructed the 3D 535 

structure from the amino acid sequence using I-TASSER. Functional analogs are then 536 

identified by performing global and local structural similarity search through the 537 



  

 

functional libraries, with the scoring function involving the confidence score of structural 538 

predictions, sequence and structural similarity of the I-TASSER model with the 539 

functional templates, and the local active site matches. We have also tried to improve the 540 

performance of GO prediction by incorporating protein-protein interaction information, 541 

especially in order to improve the prediction of GO terms under BP and CC aspects. We 542 

further developed a novel predictor that extracts functional motifs that are related to a 543 

specific GO term and used it as our third predictor. 544 

On a set of 500 non-redundant proteins, QAUST is shown to have higher function 545 

prediction accuracy than all other competing methods on most prediction tasks. This 546 

performance advantage is mainly a result of combining three different predictors which 547 

cover major aspects of proteins. Additionally, our three prediction components 548 

complement each other in the sense that they contribute differently to the prediction of 549 

the three aspects of GO. While PPI information improves significantly the prediction of 550 

BP and CC terms, functional motifs detection is mainly useful in improving MF term 551 

prediction. However, QAUST has a number of limitations that give room for possible 552 

improvement in the future. One main limitation is that QAUST is much more expensive 553 

in terms of running time compared to the other methods as reported in Section S10 and 554 

Table S4. The second limitation is that our method cannot be directly used to infer 555 

functions that are not included in EC or GO systems since it solely infers protein 556 

functions from existing protein annotations. Finally, given that the three components we 557 

used work differently in predicting different aspects of GO, it may be helpful to weight 558 

their scores differently depending on the nature of the GO term evaluated instead of 559 

combining the scores in a simple consensus. In particular, advanced machine learning 560 

methods such as deep learning [57−61], could help weight and combine the scores in a 561 

more efficient way to obtain better prediction results which could be a possible future 562 

improvement of this work. 563 
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Figure legends 764 

Figure 1  A schematic diagram of the local similarity search procedure for 765 

functional site identification 766 

The residues of the query protein (yellow) in the active site region are shown in cyan, 767 

while those of the template protein (grey) are shown in magenta. 768 

 769 

Figure 2  Workflow for sequence motif based function prediction in QAUST 770 

The query sequence is searched against UniRef90 database by PSI-BLAST to identify 771 

sequence homologs with GO term annotation. For a GO term of interest, λ, the identified 772 

homologs are divided into two sets: the “annotated set” (purple) which contains 773 

homologs annotated with λ, and “not-annotated set” (green) which consists of homologs 774 

not associated with λ. From each of the two sets, frequent motifs, i.e. continuous 775 

sequence fragments, are extracted. For illustration purposes, only three five-residue-long 776 

motifs from each set are drawn. The GO term λ is predicted with confidence score 777 

nq(λ) N(λ)⁄ ∙ [1 − nq(λ
c) N(λ

c)⁄ ] . Here, N(λ)  and N(λ
c)  are the total number of 778 

extracted frequent motifs for “annotated set” and “not-annotated set”, correspondingly; 779 

while nq(λ) and nq(λ
c) are the number of frequent motifs from “annotated set” and “not-780 

annotated set” that match the query sequence, respectively. In this example, only the 781 

motif “CLPFD” from “annotated set” matches the query, making the confidence score 782 

equals to 1 3⁄ ∙ [1 − 0 3⁄ ] = 1 3⁄  . 783 

 784 

Figure 3  Precision-recall curves for EC prediction by QAUST, COFACTOR, 785 

LOMETS, HHsearch and BLAST 786 

 787 

Figure 4  Precision-recall curves for GO prediction 788 

GO prediction performance of our method based on different sets of features, and seven 789 

other methods for each of the three GO branches. 790 

 791 

Figure 5  A study case for protein function prediction using QAUST 792 

A. The superimposition between the query (P13342, in cyan) and the closest template in 793 

the database (PDB ID 2CT8A, in magenta) based on the structural alignment generated 794 



  

 

by TM-align. B. Predicted BP terms for protein P13342. The six BP terms (the root term, 795 

Biological Process, is a naïve term, which is not counted) shown are the experimentally 796 

annotated terms. The colored contours represent the BP terms that are predicted by the 797 

corresponding methods.  798 

 799 

Figure 6  Experimental validation of homodimerization function of TRIM22 800 

A. Illustration of the coimmunoprecipitation method to validate the homodimerization  of 801 

TRIM22. We expressed Flag- or GFP-tagged human TRIM22 protein by co-transfecting 802 

two plasmid into HEK293T cells. If TRIM22 forms a homodimer, when Flag-tagged 803 

TRIM22 or GFP-tagged TRIM22 is pulled down, both Flag-tagged and GFP-tagged 804 

TRIM22 should be detected by the corresponding antibodies (4 combinations in total). B. 805 

Both Flag- and GFP-tagged TRIM22 expressed in HEK293T cells, detected by Western 806 

Blot. C. For Flag-immunoprecipitation, both Flag-tagged and GFP-tagged TRIM22 are 807 

detected by the corresponding antibodies, whereas mouse IgG is used as a negative 808 

control. D. For GFP-immunoprecipitation, both Flag-tagged and GFP-tagged TRIM22 809 

are detected by the corresponding antibodies, whereas rabbit IgG is the negative control. 810 

 811 

Tables 812 

Table 1  Accuracy values of EC prediction for QAUST as well as five other methods 813 

Table 2  Fmax values of each branch of GO for QAUST as well as prediction 814 

methods 815 

Table 3  Smin (minimum semantic distance) values of each branch of GO for 816 

QAUST as well as other prediction methods 817 

 818 

Supplementary materials 819 

Figure S1  Precision-recall curves for GO prediction using different structure 820 

methods 821 

Precision-recall curves for GO prediction by QAUST’s structure similarity based pipeline 822 

(I-TASSER + Pstructure), alternative implementations using low resolution homology 823 



  

 

models (HHsearch + Pstructure and LOMETS + Pstructure) and baseline algorithms (HHsearch 824 

and LOMETS). 825 

 826 

Figure S2  GO prediction performance of QAUST compared to the prediction 827 

performance when using PPI and motif features only for each one of the three GO 828 

branches 829 

 830 

Figure S3  Set of predicted MF GO terms for protein P01574 831 

 832 

Figure S4  Set of predicted CC GO terms for protein P32157 833 

 834 

Table S1  P values from the Mann-Whitney U test to assess improvement/decrease 835 

of QAUST performance in GO prediction compared to other methods 836 

 837 

Table S2  Fmax values from GO prediction using only experimental GO annotations 838 

for motif detection (QAUST compared to using both experimental and predicted 839 

terms) 840 

 841 

Table S3  Predicted GO functions for protein TRIM22 with the obtained confidence 842 

score for each one of the three GO branches 843 

 844 

Table S4  Running time of QAUST and other prediction methods for GO prediction 845 

on our dataset (500 sequences)   846 


