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Abstract 31 

Gene Ontology (GO) has been widely used to annotate functions of genes and gene 32 

products. We proposed a new method (TripletGO) to deduce GO terms of protein-33 

coding and non-coding genes, through the integration of four complementary pipelines 34 

built on transcript expression profiling, genetic sequence alignment, protein sequence 35 

alignment and naïve probability, respectively. TripletGO was tested on a large set of 36 

5,754 genes from 8 species (human, mouse, arabidopsis, rat, fly, budding yeast, fission 37 

yeast, and nematoda) and 2,433 proteins with available expression data from the 38 

CAFA3 experiment and achieved function annotation accuracy significantly beyond the 39 

current state-of-the-art approaches. Detailed analyses show that the major advantage of 40 

TripletGO lies in the coupling of a new triplet-network based profiling method with the 41 

feature space mapping technique which can accurately recognize function patterns from 42 

transcript expressions. Meanwhile, the combination of multiple complementary models, 43 

especially those from transcript expression and protein-level alignments, improves the 44 

coverage and accuracy of the final GO annotation results. The standalone package and 45 

an online server of TripletGO are freely available at 46 

https://zhanglab.ccmb.med.umich.edu/TripletGO/. 47 

 48 
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Introduction 52 

In the post-genome sequencing era, a major challenge is to annotate the biological 53 

functions of all genes and gene products, which are grouped, in the context of the widely 54 

used Gene Ontology (GO), into three aspects of molecular function (MF), biological 55 

process (BP) and cellular component (CC) [1]. Accurate annotation of gene function 56 

provides essential knowledge to disease mechanisms and drug design [2, 3]. Direct 57 

determination of the functions of genes via biochemical or genetic experiments is 58 

typically time-consuming and laborious, and often incomplete [4]. As a result, a large 59 

number of genes in the sequenced genomes have no available function annotation to 60 

date. For example, according to official statistics in the neXtProt platform [5], nearly 61 

2,000 protein-coding human genes have yet no known function; for many other 62 

organisms of biomedical or industrial importance, annotation rates are substantially 63 

lower. To fill the gap between sequence and function, it is urgent to develop efficient 64 

computational algorithms for function prediction [6, 7]. 65 

Function annotations can be performed at either the protein- or gene-level. In the 66 

former case, the function of the query gene is determined by that of its encoded protein, 67 

which can be deduced from the protein sequence, structure, or family information [8-68 

18]. However, protein coding genes account for only ~2% of a typical multicellular 69 

eukaryote genome such as that of humans [19]. There are also many genes for non-70 

coding RNAs as well as genes whose coding potential is unknown or ambiguous. 71 

Most gene-level annotation methods deduce GO terms for queries by using a guilt-72 

by-association (GBA) strategy, which is typically based on the similarity of expression 73 

profiles between the gene of interest and template genes with known GO annotations 74 

[20-22]. The rationale of GBA is reasonable as genes with the same functions often 75 

show similar expression profiles. This was supported by the third Critical Assessment 76 

of Protein Function Annotation (CAFA) challenge showing that expression profile has 77 

a great potential to improve prediction performance [23]. Despite the achievements of 78 

current expression profile-based methods, however, challenges remain. 79 

First, it is tricky to define an effective similarity measure of expression profiles as 80 
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the substitute for functional similarity. In previous work, several unsupervised methods 81 

(e.g., Pearson correlation coefficient [24] and mutual rank [25]) and supervised methods 82 

(e.g., metric learning for co-expression [21]) have been developed to measure the 83 

expression profile similarity in gene function prediction. Unfortunately, these methods 84 

cannot achieve optimal performance, because these expression similarity metrics may 85 

have no close correlation with functional similarity. Part of the reason is that these 86 

methods define the expression similarity in the original space, in which the expression 87 

data show a high dimensionality across multiple tissues and complicated distributions; 88 

as a result, the measured expression similarity is hardly associated with functional 89 

similarity and thus a higher expression similarity (by these metrics) often does not 90 

indicate a higher functional similarity. To address this issue, a promising approach is to 91 

change the data distribution via feature space mapping [26], in which the expression 92 

profiles are mapped from the original feature space to a new embedding space by non-93 

linear functions, and the expression similarity is then associated with functional 94 

similarity in this embedding space. The second challenge is that the functional 95 

similarity of genes is often difficult to completely capture by one similarity measure. 96 

This necessitates the combinations of multiple similarity measures from different 97 

biological datasets which may help improve both accuracy and coverage of function 98 

predictions [9]. 99 

In this work, we proposed and tested a new approach, TripletGO, to integrate multi-100 

source information from both genes and proteins for protein-coding and non-coding 101 

gene annotations. First, we extended a supervised triplet network method [27] to assess 102 

expression profile similarities in function prediction. In this extended triplet-network 103 

pipeline (TNP), the expression profiles are mapped from the original feature space to 104 

an embedding feature space via deep neural network learning, where a triplet loss 105 

function is designed to enhance the expression profile and gene function correlation. 106 

Second, considering that most protein-coding gene functions are performed through 107 

proteins and that protein sequence alignments, which are based on 20 amino acids, often 108 

provide more specific function associations than nucleotide sequence alignments, we 109 
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proposed a protein-level method for GO prediction using protein sequence similarity. 110 

Finally, a composite model is derived by integrating the output of four complementary 111 

GO prediction pipelines, built on the TNP-based expression profiling, genetic sequence 112 

alignment, naïve probability, and protein sequence alignment respectively, through an 113 

optimal neural network training. TripletGO has been systematically tested on a large set 114 

of non-redundant genes collected from eight species, where the results demonstrated 115 

significant advantage on accurate GO term prediction over the current state of the art 116 

of the field. The standalone package and an online server of TripletGO are freely 117 

available through URL https://zhanglab.ccmb.med.umich.edu/TripletGO/. 118 

 119 

Results 120 

TNP improves expression profile-based GO prediction 121 

TripletGO is a hierarchical approach that takes as input the gene sequence and the 122 

transcript expression profile data. Gene ontologies are then created by a set of four 123 

complementary pipelines, built on transcript expression profiling, gene sequence 124 

alignment, protein sequence alignment and naïve prior statistical calculation 125 

respectively, where the final GO models are obtained by a neural network combination 126 

(Figure 1). 127 

As TripletGO is centralized by the transcript expression profiling through TNP 128 

(Figure 1B), we first compare the TNP with five existing methods in expression profile-129 

based GO prediction. These include four unsupervised scores: Pearson correlation 130 

coefficient (PCC) [24], Spearman rank correlation (SRC) [28], mutual rank (MR) [25], 131 

and Euclidean distance (ED) [29]; and a supervised method: metric learning for co-132 

expression (MLC) [21]. Each method is combined with the GBA strategy to predict GO 133 

terms, as described in Text S1 of supplementary information (SI). We evaluate the 134 

function prediction performance by four metrics: (1) Maximum F1-score (𝐹𝑚𝑎𝑥) [23], 135 

(2) area under the precision-recall curve (𝐴𝑈𝑃𝑅) [30], (3) weighted average 𝐹𝑚𝑎𝑥 136 

(𝑊𝐴𝐹𝑚𝑎𝑥 ), and (4) weighted average 𝐴𝑈𝑃𝑅  (𝑊𝐴𝐴𝑈𝑃𝑅 ) (see Equations 11-13 in 137 

“Materials and Methods”). Figure 2 (A-B) list the 𝑊𝐴𝐹𝑚𝑎𝑥 and 𝑊𝐴𝐴𝑈𝑃𝑅 values 138 
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on the test dataset of 5,754 genes from 8 species (human, mouse, arabidopsis, rat, fly, 139 

budding yeast, fission yeast, and nematoda, see “Materials and Methods”) for the six 140 

methods, where the p-values between TNP and the other five methods in Student's t-141 

test [31] for 𝑊𝐴𝐹𝑚𝑎𝑥 and 𝑊𝐴𝐴𝑈𝑃𝑅 are summarized in Table S1 of SI. In addition, 142 

the performances of the six methods for each individual species are summarized in 143 

Figures S1-S2 and Table S2 and discussed in Text S2 of SI.  144 

From Figure 2 (A-B) and Table S1, it can be observed that the accuracy of TNP is 145 

significantly higher than the other five methods in deducing function from gene 146 

expression data. Specifically, the improvements of 𝑊𝐴𝐹𝑚𝑎𝑥  values between TNP 147 

and the second-best performer, MR, are 12.4% (= (0.317-0.282)/0.317×100%), 6.2%, 148 

and 4.2% for MF, BP, and CC, respectively, all with p-value significantly below 0.05. 149 

At the same time, TNP achieves an increase of 𝑊𝐴𝐴𝑈𝑃𝑅 values by 11.7%, 6.6%, and 150 

7.9%, respectively, compared to MR for the three GO aspects. Moreover, TNP and ED 151 

separately show the best and worst performances among six methods, although they use 152 

the similar metric functions (TNP uses the square of Euclidean distance). These data 153 

suggest that the GO recognition accuracy can be improved via feature space mapping 154 

when coupled with triplet network learning. In addition, our result shows that MR 155 

obtains higher values of 𝑊𝐴𝐹𝑚𝑎𝑥 and 𝑊𝐴𝐴𝑈𝑃𝑅 than PCC for each GO aspect; this 156 

is consistent with the fact that MR has replaced PCC as the new co-expression measure 157 

in current co-expression databases [32]. 158 

In Figure 2 (C-D), we further compare the performances of the six expression 159 

profile-based methods on a subset of 98 non-coding genes in the test datasets of the 8 160 

species, where TNP outperforms again all other five methods. Specifically, based on 161 

𝐹𝑚𝑎𝑥, TNP achieves 8.6%, 4.2%, and 8.4% improvements compared to the second-162 

best performer for MF, BP, and CC, respectively. At the same time, the corresponding 163 

increases of AUPR values are 7.7%, 6.5%, and 4.4%, respectively, for the three GO 164 

aspects. 165 

In addition, we used the human data to examine the influence of the different 166 

characteristics of gene-expression data on the prediction performance of TNP. First, as 167 
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illustrated in Table S3 and Figure S3 and discussed in Text S3 of SI, the number of 168 

expression samples (i.e., the dimension of expression profile vector) is not critical to 169 

the TNP performance. In fact, the 𝐹𝑚𝑎𝑥  values of TNP trained on 30% of the 170 

expression samples are only slightly (i.e., by 1.3%, 1.5% and 0.7%) lower than those 171 

trained on all the data for MF, BP and CC, respectively. This is probably due to the 172 

inherent redundancy among different samples for the same species. To illustrate this 173 

point, we further compared TNP with and without its principal component analysis 174 

(PCA) [33] procedure, which was used to reduce redundant information of expression 175 

samples (see “Materials and Methods”). The result showed that skipping PCA leads to 176 

a clear and consistent drop of the performance (Figure S3), which confirms the negative 177 

impact of data redundancy on the performance. Finally, we found that there is no strong 178 

correlation between the function prediction accuracy of each gene (in terms of gene-179 

level F1-score) and its mean expression level, with a neglectable PCC value ranging 180 

from -0.026 to 0.173 for all GO aspects (Figure S4 of SI). 181 

 182 

Expression similarity has closer correlation with functional similarity in 183 

embedding feature space than original feature space 184 

One important component of TNP is feature space mapping, in which the expression 185 

score calculations are transferred from the original feature space to the embedding 186 

feature space (Figure 1 (A-B)). To examine the impact of the feature space mapping on 187 

GO prediction, we deigned and executed the following test. 188 

For a query gene, we first rank all genes in a training dataset in descending order of 189 

the expression similarity between training gene and query, and select the top 𝐾 (𝐾 =190 

100)  genes as templates. In the original feature space, the expression similarity is 191 

measured by MR, PCC, MLC, SRC, and ED, respectively. In the embedding space, the 192 

expression similarity for TNP is calculated by the square of the Euclidean distance. 193 

Then, the weighted functional similarity (𝑊𝐹𝑆), between templates and query, can be 194 

calculated as: 195 

 𝑊𝐹𝑆 =
∑ 𝑤𝑖∙𝐹𝑆𝑖

𝐾
𝑖=1

∑ 𝑤𝑖
𝐾
𝑖=1

,    𝑤𝑖 = 1 − (𝑟𝑖 − 1)/𝐾  (1) 196 
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where 𝑤𝑖 and 𝑟𝑖 are the weight and rank, respectively, for 𝑖-th template, and 𝐹𝑆𝑖 is 197 

the functional similarity between the 𝑖-th template and query measured by F1-score 198 

between their experimental GO terms (see Text S4 of SI). Finally, the average weighted 199 

functional similarity (𝐴𝑉𝐺_𝑊𝐹𝑆) for all test genes is calculated by 200 

 𝐴𝑉𝐺_𝑊𝐹𝑆 = ∑ 𝑊𝐹𝑆𝑖/𝑁𝑀
𝑁𝑀
𝑖=1   (2) 201 

where 𝑁𝑀 is the total number of test genes in the 𝑀 species used here. A higher value 202 

of 𝐴𝑉𝐺_𝑊𝐹𝑆  indicates a closer correlation between expression similarity and 203 

functional similarity. 204 

Figure 3 shows the 𝐴𝑉𝐺_𝑊𝐹𝑆 values of six measures for three GO aspects in the 205 

8 species. For each GO aspect, we find that TNP achieves the highest 𝐴𝑉𝐺_𝑊𝐹𝑆 206 

among six measures. More specifically, the 𝐴𝑉𝐺_𝑊𝐹𝑆  values of TNP are 27.4%, 207 

11.1%, and 7.9% higher than those of the second-best performer, MR, for MF, BP, and 208 

CC, respectively. Moreover, the 𝐴𝑉𝐺_𝑊𝐹𝑆 values of six measures in each individual 209 

species are listed in Figure S5 of SI, where TNP outperforms again other measures in 210 

all GO aspects.  211 

As an illustrative, we list in Figure S6 a scattering plot of F1-score versus weight 212 

for a non-coding gene MIRLET7C (Entrez ID: 406885) in the test dataset of human 213 

species. Here, we use three measures, TNP, MR and PCC, to select 100 templates with 214 

the highest expression similarity to the query. The expression similarity for different 215 

measures can be normalized as weight (𝑤𝑖 in Equation 1). The functional similarity is 216 

assessed by F1-score of experimental GO terms between two genes. It can be seen that 217 

TNP achieves a higher weighted functional similarity (𝑊𝐹𝑆) value than both MR and 218 

PCC for each GO aspect, because it selects more templates which have a higher 219 

expression similarity (or weight) and functional similarity (F1-score) with the query 220 

than the two control measures. Since the data from TNP are directly taken from the 221 

embedding space after triplet-network training, these results suggest that the expression 222 

similarity for TNP in the embedding feature space has closer correlation with functional 223 

similarity compared to the other measures in the original space. 224 

 225 
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Protein homology inference and triplet-network based expression make most 226 

important contributions on TripletGO prediction 227 

To examine the contributions of four component methods in TripletGO, we compare 228 

the performances of four individual methods, including expression profile-based GO 229 

prediction (EPGP) by TNP, genetic sequence alignment-based GO prediction (GSAGP), 230 

protein sequence alignment-based GO prediction (PSAGP), and naïve-based GO 231 

prediction (NGP), and five combination methods, including GSAGP+PSAGP+NGP 232 

(GPN), EPGP+PSAGP+NGP (EPN), EPGP+GSAGP+NGP (EGN), 233 

EPGP+GSAGP+PSAGP (EGP), and EPGP+GSAGP+PSAGP+NGP 234 

(EGPN=TripletGO) (see “Materials and Methods”). To be fair, we optimized the 235 

confidence scores of the combination methods using the same network in Figure 1C. 236 

Figure 4 (A-B) list the 𝑊𝐴𝐹𝑚𝑎𝑥 and WAAUPR values of all nine methods on the test 237 

datasets of 8 species, where the p-values between EGPN and the other eight methods 238 

in Student's t-test for 𝑊𝐴𝐹𝑚𝑎𝑥  and 𝑊𝐴𝐴𝑈𝑃𝑅  are listed in Table S4 of SI. In 239 

addition, the performances of all nine methods for each individual species are 240 

summarized in Figures S7-S9 and Table S5 and discussed in Text S5 of SI. 241 

From the data in Figure 4 (A-B) and Table S4, we can conclude that each individual 242 

method contributes to improving the TripletGO prediction performance. Specifically, 243 

the 𝑊𝐴𝐹𝑚𝑎𝑥 and WAAUPR values of EGPN are much higher than the corresponding 244 

values by each of four individual methods. Importantly, the performance of EGPN is 245 

also significantly better than that of the other four combination methods. In terms of 246 

𝑊𝐴𝐹𝑚𝑎𝑥 , for example, EGPN gains 6.7%, 4.0%, 9.5%, and 1.1% average 247 

improvements for three GO aspects in comparison with GPN, EPN, EGN, and EPG, 248 

respectively. At the same time, the corresponding average increases of WAAUPR are 249 

12.3%, 6.3%, 14.2%, and 1.4%, respectively. The first and second largest increases are 250 

caused by adding PSAGP to EGN and adding EPGP to GPN, respectively. In addition, 251 

among the four individual methods, PSAGP and EPGP achieve the best performance 252 

for MF, BP, and CC, respectively. These data demonstrate the importance of the protein-253 

level homology inference and triplet-network based expression, respectively, to the 254 
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TripletGO prediction. 255 

We further investigate the contributions of proposed methods for non-coding genes. 256 

Since non-coding genes have no available prediction results in PSAGP, we compare the 257 

performances of three individual gene-level methods and four combination methods, 258 

including GSAGP+NPG (GN), EPGP+NPG (EN), EPGP+GSAGP (EG), and 259 

EPGP+GSAGP+NGP (EGN=TripletGO). Figure 4 (C-D) illustrate the 𝐹𝑚𝑎𝑥  and 260 

AUPR values of seven GO prediction methods for 98 non-coding genes. The p-values 261 

between EGN and other six methods in student's t-test for 𝐹𝑚𝑎𝑥  and 𝐴𝑈𝑃𝑅  are 262 

shown in Table S6 of SI. Again, we can see that each of three gene-level methods helps 263 

to improve accuracy of GO prediction for non-coding genes. On the basis of 𝐹𝑚𝑎𝑥, 264 

for example, EGN achieves the best performance among seven methods. Specifically, 265 

EGN gains 7.7%, 1.5%, and 4.2% improvements for MF, BP, and CC, respectively, 266 

compared to the second-best performer. With respect to 𝐴𝑈𝑃𝑅, although EGN shows 267 

a slightly lower value than EPGP and EN in BP, it achieves the best performance for 268 

MF and CC. In addition, EPGP significantly outperforms other two individual methods 269 

through all score metrices, which highlights again the importance of the transcript 270 

expression component to the TripletGO prediction. 271 

 272 

Comparison of TripletGO with existing gene function prediction methods 273 

We compare TripletGO with two most recently developed gene function prediction 274 

approaches, i.e., GENETICA [7] and GeneNetwork [34], which are both based on 275 

expression profiles. Different from our work, these two approaches are designed at the 276 

term-centric level. Specifically, for a GO term 𝑄𝑖, each gene is labeled as “1” or “0”, 277 

where “1” means this gene is associated with 𝑄𝑖 in the experimental annotation. Then, 278 

each gene is assigned with a confidence score for 𝑄𝑖  using leave-one-out strategy. 279 

Finally, the area under receiver operating characteristic curve (AUROC) is used to 280 

evaluate the prediction performance of 𝑄𝑖 by combining the confidence scores and 281 

labels for all genes. In light of this, our models are compared with GENETICA and 282 

GeneNetwork by term-centric evaluation. 283 
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Between our work and GENETICA, there are 287 MF, 1340 BP, and 186 CC terms 284 

in common for human. As for mouse, there are 149, 1230, and 128 common terms for 285 

MF, BP and CC, respectively (see Text S6 of SI). Figure 5 (A-B) plot the distributions 286 

of AUROC values by GENETICA, TNP, and TripletGO on three GO aspects in human 287 

and mouse, respectively. Figure S10 (A-B) in SI show the mean and median AUROC 288 

values for three methods. While TNP and GENETICA are both expression profile-based 289 

models, the former shows a better performance than the latter. In human, TNP achieves 290 

16.5%, 10.8%, 14.4% increases of the mean AUROC for MF, BP, and CC, respectively, 291 

compared to GENETICA. At the same time, the corresponding increases of median 292 

AUROC are 23.0%, 8.5%, and 12.7%, respectively. As for mouse, although TNP gains 293 

a slightly lower median AUROC than GENETICA in CC, it achieves significant 294 

improvements of the corresponding measures in MF and BP. In addition, that TripletGO 295 

shows a significantly better performance than both TNP and GENETICA, mainly 296 

because it integrates complementary information from sources other than expression 297 

profiles. 298 

There are 165, 522, and 182 common terms for MF, BP, and CC, respectively, in 299 

human genes between our work and GeneNetwork (see Text S7 of SI). Figure 5C 300 

shows the AUROC distributions of three GO aspects for GeneNetwork, TNP, and 301 

TripletGO, respectively, where Figure S10C in SI illustrates the mean and median 302 

AUROC values of three models. For each GO aspect, TNP shows higher mean and 303 

median AUROC values in comparison with GeneNetwork, while TripletGO 304 

outperforms both due to the integration of additional information from sequence 305 

homology alignments and prior statistics of Gene-GOA databases. 306 

In Text S8 and Figure S11 of SI, we made a further comparison of our methods with 307 

GENETICA and GeneNetwork in the gene-center level based on 𝐹𝑚𝑎𝑥 and 𝐴𝑈𝑃𝑅, 308 

where a similar trend (i.e., TripletGO and TNP outperform the control methods) but 309 

with more significant distinctions between the methods can be seen as the term-centric 310 

comparisons. 311 

 312 
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Testing on CAFA3 targets 313 

We further tested our methods on the dataset of the third CAFA challenge (CAFA3). 314 

The entire CAFA3 dataset consists of 66,841 training and 3,328 test proteins [23] from 315 

23 species. Since some targets have no available gene expression data, we only 316 

benchmarked our methods on the 2,433 CAFA3 test proteins whose coding genes are 317 

originated from 7 species (human, mouse, arabidopsis, rat, fly, budding yeast and 318 

fission yeast) and have available expression profiles in COXPRESdb [32] or ATTED-319 

II [25] databases. It should be noted that we did not find any test proteins with 320 

expression data from nematoda species. The details of training and test datasets for the 321 

7 species are summarized in Table S7 of SI. For each species, we randomly select 90% 322 

training samples to re-train the TNP model and the remaining training samples are used 323 

to optimize the parameters of the model. Moreover, for GSAGP, PSAGP, and NPG, the 324 

entire CAFA3 training dataset is used to construct the corresponding template databases 325 

and prior probabilities of GO terms.  326 

Figure 6 (A-B) summarizes the performance of six transcript expression profile-327 

based GO prediction methods on the 2,433 test proteins, where the p-values between 328 

TNP and the other five methods in Student's t-test [31] for 𝐹𝑚𝑎𝑥  and 𝐴𝑈𝑃𝑅  are 329 

listed in Table S8 of SI. It can be found that TNP shows better performance than other 330 

five methods for all GO aspects. Compared to the second-best performer (MR), TNP 331 

achieves 10.7% and 11.2% average improvements on three GO aspects for 𝐹𝑚𝑎𝑥 and 332 

𝐴𝑈𝑃𝑅, respectively, where the p-value is statistically significant for all the comparisons 333 

except for AUPR on MF (1.41E-01) and CC (8.01E-01). The performances of the six 334 

methods for each individual species are summarized in Figure S12 and Table S9, where 335 

TNP achieves the highest values of 𝐹𝑚𝑎𝑥 and 𝐴𝑈𝑃𝑅 among six methods for each 336 

GO aspect in most species (see discussion in Text S9 of SI). 337 

We further benchmarked five proposed GO prediction methods, including four 338 

individual methods (i.e., EPGP, GSAGP, PSAGP and NGP) and their combination (i.e., 339 

TripletGO), on the 2,433 CAFA3 test proteins. In addition, we included two third-party 340 

protein function prediction methods (DeepGO [10], FunFams [11]) which are the only 341 

preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


 

13 
 

methods that we found to have downloadable programs and allow us to test 342 

independently on our selected CAFA dataset. Meanwhile, they represent two typical 343 

types of protocols: while DeepGO is a machine-learning based method combining 344 

convolutional neural network with protein sequence encoding, FunFams is a template-345 

based method and searches the functional templates using protein family information. 346 

Among them, FunFams is one of the top-performing methods and ranked at 2/4/9 347 

position in MF/BP/CC aspects with respect to 𝐹𝑚𝑎𝑥 in the CAFA3 experiment [23]. 348 

To make a fair comparison between template-based and non-template-based methods, 349 

we used the pre-set cutoff (i.e., 𝑡1 = 60 % and 𝑡2 = 30 %, see “Materials and 350 

Methods”) to exclude close homologies when running GSAGP and PSAGP; however, 351 

we did not exclude any homologies for the third-party programs and ran them under the 352 

default setting. 353 

Figure 6 (C-D) summarizes the performance of seven GO prediction methods, 354 

where the p-values between TripletGO and the other six methods in Student's t-test [31] 355 

are listed in Table S10 of SI. We found that the composite GO prediction method, i.e., 356 

TripletGO, achieves a significantly better performance than other six GO prediction 357 

methods in all GO aspects, including both the third-party (FunFams and DeepGO) and 358 

the component methods of TripletGO, demonstrating again the advantage of integrating 359 

gene expression and sequence profile-based approach to function predictions. 360 

 361 

Case studies 362 

As illustrations, we selected two genes from the human genome: GALNT4 (protein-363 

coding gene, Entrez ID: 8693) and MIRLET7C (non-coding gene, Entrez ID: 406885), 364 

to examine the effects of different GO prediction methods. Here, each gene is associated 365 

with 12 GO terms for CC aspect from experimental annotations. Table 1 summarizes 366 

the numbers of correctly predicted GO terms (i.e., true positives) and mistakenly 367 

predicted terms (i.e., false positives) in CC aspect for the two genes by ten different 368 

methods, including six individual gene-expression methods (MR, PCC, MLC, SRC, 369 

ED, and TNP), a gene sequence alignment method (GSAGP), a protein sequence 370 
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alignment method (PSAGP), a naïve-based approach (NGP), and a composite approach 371 

(TripletGO). Figure 7 plots the directed acyclic graph of GO terms in native annotation 372 

and the correctly predicted GO terms of ten methods for the two genes. Moreover, the 373 

incorrectly predicted GO terms (i.e., false positives) of each method are listed in Table 374 

2. It should be noted that the predicted GO terms of each method are determined by its 375 

own cut-off value to achieve the highest 𝐹𝑚𝑎𝑥 value.  376 

Several interesting observations can be made from the data. First, among six gene-377 

expression based methods, TNP can correctly recognize the most GO terms with the 378 

least false positives for each gene. Moreover, all true positives for other five methods 379 

can be effectively identified by TNP. More importantly, for gene MIRLET7C, TNP 380 

correctly recognizes 1 additional GO term, i.e., GO:0005634, which are missed by the 381 

other five methods. This observation shows that TNP can predict gene function in a 382 

more precise level, because it successfully identifies some children GO terms, in which 383 

other expression-based methods fail. 384 

Second, the combination of complementary methods increases both coverage and 385 

accuracy of the TripletGO models. In gene GALNT4 (see Figure 7A), the four 386 

component methods (TNP, GSAGP, PSAGP, and NGP) hit 10 true positives in total, 387 

which is more than that by each individual method, indicating that the component 388 

methods derive complementary information from different sources. By taking the 389 

combination, TripletGO achieves the highest coverage with TP=10 and the lowest false 390 

positive rate (FP=0). Sometimes, one component method can cover all true positives 391 

predicted by other methods. For example, for gene MIRLET7C (see Figure 7B), all 392 

true positives of TNP and NGP are covered by GSAGP. Even in this case, the final 393 

TripletGO accuracy is not degraded by the inclusion of a less accurate method, where 394 

TripletGO shares the same performance with the best individual method by GSAGP. 395 

In addition, to further explain what is considered as a positive prediction regarding 396 

the hierarchy, we choose GALNT4 as an illustrative example and list the confidence 397 

scores of all the candidate GO terms by TripletGO in Text S10 of SI, where the 10 GO 398 

terms whose confidence scores are higher than the cut-off value (0.35) have been 399 
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precited as positives. In Figure S13, we plot the directed acyclic graph of the 10 400 

predicted GO terms with corresponding confidence scores. It can be found the 401 

confidence scores of the parent terms are higher than the scores of their children, 402 

following the post-processing Equation 10 in “Materials and Methods”. 403 

 404 

Conclusions 405 

We developed a new method, TripletGO, to predict the function of both protein-coding 406 

and non-coding genes by the integration of four gene-expression and protein homology 407 

inference pipelines. The large-scale benchmark tests on 5,754 non-redundant genes 408 

from a set of 8 species demonstrated that TripletGO consistently achieved significant 409 

improvements in comparison with other state-of-the-art gene function prediction 410 

methods. Detailed analysis showed that the major advantage of TripletGO stems from 411 

two aspects. First, the new triplet network-based algorithm, when coupled with feature 412 

space mapping, efficiently recognizes functional patterns from transcript expression 413 

profiles. Second, the combination of multiple complementary pipelines, especially 414 

those with protein-level homology inference and transcript expression profile, 415 

significantly improves the coverage and accuracy of the gene function annotations. 416 

Despite the encouraging performance, there is still considerable room for further 417 

improvements. First, the TNP needs large amounts of gene expression data with GO 418 

annotation to train the prediction model. For some species, such as dog and chicken as 419 

listed in Table S11 of SI, the number of genes with GO annotation is very limited, and 420 

for many other species of interest no such data are available. As a result, we cannot train 421 

prediction models using the TNP from expression profiles for these species. Therefore, 422 

an extended TNP model by normalizing expression profiles across different species 423 

may help solve the issue, as well as further improve the overall accuracy of the current 424 

approach. Second, the confidence scores of the four individual methods are integrated 425 

as a consensus score by a simple one-layer neural network, where an advanced 426 

machine-learning approach may help better integrate confidence scores. Meanwhile, 427 

new GO prediction methods considering other biological aspects, such as protein-428 
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protein interactions and protein/nucleic acid structures, will help improve both the 429 

coverage and accuracy of the current gene function annotation algorithms. Studies 430 

along these lines are under progress. 431 

 432 

Materials and methods 433 

Datasets 434 

We collected all 78,170 genes with GO annotation via experimental determination from 435 

National Center for Biotechnology Information (NCBI) [35] to construct the Gene-436 

GOA database (Text S11 of SI). The genes in Gene-GOA were used for both template 437 

database construction and for prior probability construction in the naïve statistics-based 438 

GO modeling. 439 

To evaluate the proposed methods, we collected 57,584 genes from 8 species by the 440 

following procedures: (1) we downloaded all of 300,977 genes with expression profiles 441 

determined by microarray [36] for 20 species from COXPRESdb [32] and ATTED-II 442 

[25] databases. For each species, the total number of genes with functional annotation 443 

in Gene-GOA is shown in Table S11 of SI. Then, we select the 8 species with the most 444 

genes with GO annotation among the 20 species, to construct benchmark datasets. (2) 445 

For each species, we randomly select 85% of genes with GO annotation as the training 446 

dataset, and 5% genes as the validation dataset, which are separately used to construct 447 

machine learning-based models and optimize the parameters of models. The remaining 448 

10% genes are used as the test dataset to assess the performance of models. As a result, 449 

there are 48,954, 2,876, and 5,754 genes in training, validation, and test datasets, 450 

respectively, for the 8 species in total, as summarized in Table S12 of SI. 451 

 452 

Expression profile-based GO prediction by TNP 453 

In expression profile-based GO prediction (EPGP), a triplet network [27] is used to 454 

measure the similarity of expression profiles, as shown in Figure 1A. The input is a 455 

triplet variable (𝑎𝑛𝑐, 𝑝𝑜𝑠, 𝑛𝑒𝑔), where 𝑎𝑛𝑐 is an anchor (baseline) gene, 𝑝𝑜𝑠 is a 456 

positive gene with the same function of 𝑎𝑛𝑐, and 𝑛𝑒𝑔 is a negative gene with the 457 
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different function of 𝑎𝑛𝑐. First, the expression profile of each gene is mapped from the 458 

original feature space to an embedding space using the same deep neural network. Next, 459 

the expression dissimilarity between two genes in embedding space is measured by 460 

Euclidean distance [29] of the mapped expression profiles. Finally, the triplet loss 461 

function is designed to associate expression similarity with functional similarity: 462 

 𝑇𝑟𝑖𝑝𝑙𝑒𝑡𝑙𝑜𝑠𝑠 = 𝑚𝑎𝑥(𝑑(𝑎𝑛𝑐, 𝑝𝑜𝑠) + 𝑚𝑎𝑟𝑔𝑖𝑛 − 𝑑(𝑎𝑛𝑐, 𝑛𝑒𝑔), 0)   (3) 463 

where 𝑑(𝑎𝑛𝑐, 𝑝𝑜𝑠) is the Euclidean distance between anchor and positive genes in 464 

embedding space, 𝑑(𝑎𝑛𝑐, 𝑛𝑒𝑔) is the distance between anchor and negative genes, 465 

and 𝑚𝑎𝑟𝑔𝑖𝑛  is a pre-set positive value. Here, the minimization of the triplet loss 466 

requests for the maximization of 𝑑(𝑎𝑛𝑐, 𝑛𝑒𝑔) − 𝑑(𝑎𝑛𝑐, 𝑝𝑜𝑠) . In the ideal case, 467 

𝑡𝑟𝑖𝑝𝑒𝑡 𝑙𝑜𝑠𝑠 = 0  when 𝑑(𝑎𝑛𝑐, 𝑛𝑒𝑔) ≥ 𝑑(𝑎𝑛𝑐, 𝑝𝑜𝑠) + 𝑚𝑎𝑟𝑔𝑖𝑛 , which indicates 468 

substantially higher similarity (lower distance) of the anchor genes to the positive genes 469 

than to the negative genes. 470 

It has been demonstrated that cross-entropy loss [37] helps to improve the 471 

performance of triplet network [38, 39]. Therefore, we further combine the triplet loss 472 

with the cross-entropy loss in the TNP to predict gene function from expression profiles. 473 

The overall workflow of TNP is depicted in Figure 1B, which contains two stages. 474 

 475 

Training stage of TNP 476 

Procedure I: expression profile normalization 477 

In a training dataset, the expression profiles of all 𝑚 genes are represented as a matrix 478 

𝑬 = (𝑒𝑖𝑗)𝑚×𝑙 , where 𝑙  is the number of experimental samples in microarray 479 

technology [36], and 𝑒𝑖𝑗 is the expression value of the 𝑖-th gene on the 𝑗-th sample. 480 

Each row of 𝑬 can be viewed as the expression profile of a gene. To reduce noise and 481 

computing cost, the matrix 𝑬 is transformed into a normalized matrix 𝑬𝑛 = (𝑒𝑖𝑗
𝑛 )𝑚×ℎ 482 

(ℎ < 𝑙 ) by performing z-score normalization [40] and principal component analysis 483 

(PCA) [33]. 484 

Procedure II: expression profile mapping using a neural network 485 

The normalized expression profiles are mapped from the original feature space to an 486 
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embedding space using a neural network. Specifically, the normalized matrix 𝑬𝑛 is 487 

fed to a deep fully connected block (DFCB) with 𝑁 layers to output an embedding 488 

matrix 𝑼 = (𝑢𝑖𝑗)𝑚×𝑑𝑁
, where 𝑑𝑁 is number of neurons in the 𝑁-th layer. Then, L2-489 

normaliztion is executed on 𝑼  to obtain a normalized matrix 𝑼𝑛 = (𝑢𝑖𝑗
𝑛 )𝑚×𝑑𝑁

 , 490 

where 𝑢𝑖𝑗
𝑛 = 𝑢𝑖𝑗/(∑ 𝑢𝑖𝑗

2)
𝑑𝑁
𝑗=1

1/2
 . Each row of 𝑼𝑛  can be viewed as the expression 491 

profile of a gene in the embedding space.  492 

At the same time, an output layer 𝐿𝑂 with sigmoid activation function [41] is fully 493 

connected with DFCB to output a score matrix 𝑺 = (𝑠𝑖𝑗)𝑚×𝑟, where 𝑟 is the number 494 

of GO terms in the training dataset, and 𝑠𝑖𝑗  is the confidence score that the 𝑖 -th 495 

training gene is associated with the 𝑗-th GO term. Then, we calculate triplet loss and 496 

cross-entropy loss based on matrix 𝑼𝑛 and score matrix 𝑺, respectively. 497 

Procedure III: loss function calculation and network optimization 498 

We use the “batch on hard” strategy [42, 43] to calculate the triplet loss: 499 

𝑇𝑟𝑖𝑝𝑙𝑒𝑡𝑙𝑜𝑠𝑠ℎ𝑎𝑟𝑑 = ∑ 𝑚𝑎𝑥(𝑑(𝑖, 𝑝𝑜𝑠)𝑚𝑎𝑥 + 𝑚𝑎𝑟𝑔𝑖𝑛 − 𝑑(𝑖, 𝑛𝑒𝑔)𝑚𝑖𝑛, 0) /𝑚𝑚
𝑖=1   (4) 500 

where 𝑑(𝑖, 𝑝𝑜𝑠)𝑚𝑎𝑥  (or 𝑑(𝑖, 𝑛𝑒𝑔)𝑚𝑖𝑛 ) is the maximum (or minimum) value of 501 

distances between the 𝑖 -th gene and all positive (or negative) genes with same (or 502 

different) function of the 𝑖-th gene in embedding space. The distance between the two 503 

genes (𝑖, 𝑗) is measured by 𝑑(𝑖, 𝑗) = ∑ (𝑢𝑖𝑘
𝑛 − 𝑢𝑗𝑘

𝑛 )
2𝑑𝑁

𝑘=1 /4, where the division factor 504 

of 4 is introduced to normalize 𝑑(𝑖, 𝑗)  into the range of [0,1], i.e., 0 ≤ 𝑑(𝑖, 𝑗) ≤505 

∑ (2(𝑢𝑖𝑘
𝑛 )2 + 2(𝑢𝑗𝑘

𝑛 )2)
𝑑𝑁
𝑘=1 /4 = 1 . Moreover, two genes are considered to have the 506 

same function if their functional similarity is larger than a cut-off value 𝑐𝑓 . The 507 

functional similarity of two genes is measured by the F1-score between their GO terms, 508 

as shown in Text S4 of SI. 509 

The cross-entropy loss is calculated as: 510 

𝐿𝑜𝑠𝑠𝑐𝑟𝑜𝑠𝑠−𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ (∑ 𝑦𝑖𝑗 ∙ 𝑙𝑜𝑔𝑟
𝑗=1 (𝑠𝑖𝑗) + (1 − 𝑦𝑖𝑗)log (1 − 𝑠𝑖𝑗))/(𝑟 ∙ 𝑚)𝑚

𝑖=1  (5) 511 

where 𝑦𝑖𝑗=1 if the 𝑖-th gene is associated with the 𝑗-th GO term in the experimental 512 

function annotation; otherwise, 𝑦𝑖𝑗=0. 513 
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The final training loss in TNP is the combination of triplet loss and cross-entropy 514 

loss: 515 

 𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑙𝑜𝑠𝑠 = 𝑇𝑟𝑖𝑙𝑒𝑡𝑙𝑜𝑠𝑠ℎ𝑎𝑟𝑑 + 𝛼 ∙ 𝐿𝑜𝑠𝑠𝑐𝑟𝑜𝑠𝑠−𝑒𝑛𝑡𝑟𝑜𝑝𝑦 (6) 516 

where 𝛼  is a trade-off value. Finally, we minimize training loss to optimize neural 517 

network by Adam optimization algorithm [44]. 518 

 519 

Prediction stage of TNP 520 

The input is a query gene with expression profile vector 𝒆𝑞 , and the output is a 521 

confidence score vector 𝒔, including the confidence scores of 𝑟 GO terms for query. 522 

First, z-score normalization and PCA are orderly executed on 𝒆𝑞  to obtain a 523 

normalized vector 𝒆𝑞
𝑛, used as the input of DFCB. Then, we execute L2-normalization 524 

on the output of DFCB to obtain a normalized embedding vector 𝒖𝑞. Next, a distance 525 

rank-based strategy (see details in Text S12 of SI) is executed on the normalized 526 

embedding matrix of training genes (𝑼𝑛) and 𝒖𝑞 to generate a confidence score vector 527 

𝒔𝑡. At the same time, the output layer 𝐿𝑂 outputs another score vector 𝒔𝑐 by sigmoid 528 

function mapping. The final score vector 𝒔 is the combination of two vectors: 529 

 𝒔 = 𝑤 ∙ 𝒔𝑡 + (1 − 𝑤) ∙ 𝒔𝑐 (7) 530 

where 𝑤 is a trade-off value and ranges from 0 to 1. 531 

 532 

Genetic sequence alignment-based GO prediction (GSAGP) 533 

In GSAGP, we search the template genes, which have the similar sequences with query 534 

gene, from a genetic sequence database with GO annotation (GSD-GOA, see Text S13 535 

of SI) for functional annotation. 536 

For a query, we extract its RNA sequence from NCBI. Then, Blastn [45] is used to 537 

search the templates of query with e-value cutoff of 0.1 against GSD-GOA. To remove 538 

homology contamination, we exclude all homologous templates which have more than 539 

𝑡1  sequence identity with the query. Finally, the remaining templates are used to 540 

annotate the query. Specifically, the confidence score that the query is associated with 541 

GO term 𝑄𝑖 is calculated as: 542 
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 𝑆(𝑄𝑖)𝐺𝑆𝐴𝐺𝑃 =
∑ 𝑏𝑘

𝑛
𝑘=1 ∙𝐼𝑘(𝑄𝑖)

∑ 𝑏𝑘
𝑛
𝑘=1

   (8)  543 

where 𝑛  is the number of template genes, 𝑏𝑘  is the bit-score of 𝑘 -th template by 544 

Blastn; 𝐼𝑘(𝑄𝑖) = 1 , if the 𝑘 -th template is associated with 𝑄𝑖  in the experimental 545 

function annotation; otherwise, 𝐼𝑘(𝑄𝑖) = 0. 546 

 547 

Protein sequence alignment-based GO prediction (PSAGP) 548 

In PSAGP, we select the template genes, whose coding proteins have similar sequence 549 

with that of the query, for GO functional annotation. 550 

For a query gene, we map it as the corresponding coding protein sequence P in the 551 

UniProt database [46]. Then, Blastp [45] is used to search the template proteins of P 552 

with e-value cutoff of 0.1 against a protein sequence database (i.e., PSD, see Text S14 553 

of SI), where homologous templates with a sequence identity above 𝑡2  to P are 554 

removed. Finally, the remaining templates are mapped back to genes in Gene-GOA to 555 

annotate query. The confidence score is calculated using the same scoring function as 556 

in GSAGP (i.e., Equation 8), where 𝑏𝑘 is the bit-score of 𝑘-th template by Blastp.  557 

 558 

Naïve-based GO prediction (NGP) 559 

In NGP, the confidence score that a query is associated with GO term 𝑄𝑖  can be 560 

calculated by the frequency of 𝑄𝑖 in Gene-GOA: 561 

 S(𝑄𝑖)𝑁𝐺𝑃 = 𝑁(𝑄𝑖)/𝑁𝐺𝑂  (9)  562 

where 𝑁(𝑄𝑖) is the number of genes associated with 𝑄𝑖, and 𝑁𝐺𝑂 is the number of 563 

genes with at least one annotation for the same GO aspect as 𝑄𝑖. This predictor can be 564 

thought of as a prior arising from the overall abundance of a particular annotation in 565 

Gene-GOA. 566 

 567 

Consensus TripletGO model 568 

In TripletGO, the final GO model is a combination of the outputs of the above four 569 

pipelines as shown in Figure 1C. Here, the input is a genetic sequence with Entrez 570 

Gene ID, and the output is the confidence score for the predicted GO term. First, we 571 
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extract the expression profile and coding protein sequence for query gene from 572 

COXPRESdb (or ATTED-II) database and UniProt database, respectively, using Entrez 573 

ID. Then, the expression profile, genetic sequence, and protein sequence are separately 574 

used as the inputs of EPGP, GSAGP, and PSAGP methods to output the confidence 575 

scores of GO terms. Moreover, NGP method is also used to calculate confidence scores. 576 

For a term 𝑄𝑗, its confidence scores by the four methods are serially combined as a 577 

vector used as the input of fully connected neural network to output the consensus score. 578 

 579 

Implementation and parameter settings of TripletGO 580 

In EPGP, DFCB consists of two fully connected layers, each including 1,024 neurons 581 

with RELU activation function [47]. The remaining parameters of EPGP are listed in 582 

Table S13 of SI. In PSAGP, we use 𝑡2 =30% sequence identity as the cut-off to remove 583 

homologous protein templates, following previous studies [9]. To determine the 584 

homology cutoff for nucleotide sequences, we use three different machine learning 585 

models to fit the relationship between protein sequence identity and gene sequence 586 

identity, and it was found that a 30% protein sequence identity roughly corresponds to 587 

60% genetic sequence identity, as shown in Text S15 and Figure S14 of SI. Therefore, 588 

we use 𝑡1 =60% sequence identity as cut-off to remove homologous templates in the 589 

GSAGP. 590 

 591 

Consideration of hierarchical relation for evaluation of GO annotation 592 

The GO annotation is hierarchical [23]. Specifically, for both the ground truth and the 593 

prediction, if a protein (gene) is annotated with a GO term 𝑄𝑖, it should be annotated 594 

with the direct patent and all ancestors of 𝑄𝑖. To enforce this hierarchical relation, we 595 

follow CAFA’s rule and use a common post-processing procedure [10] for the 596 

confidence score of term 𝑄𝑖 in all GO prediction methods as follows: 597 

 𝑆(𝑄𝑖)𝑝𝑜𝑠𝑡 = max (𝑆(𝑄𝑖), 𝑆(𝑄𝐶𝑖
1)𝑝𝑜𝑠𝑡, 𝑆(𝑄𝐶𝑖

2)𝑝𝑜𝑠𝑡, … , 𝑆(𝑄𝐶𝑖
𝑛)𝑝𝑜𝑠𝑡) (10) 598 

where 𝑆(𝑄𝑖) and 𝑆(𝑄𝑖)𝑝𝑜𝑠𝑡 are the confidence scores of 𝑄𝑖 before and after post-599 

processing, 𝑆(𝑄𝐶𝑖
1)𝑝𝑜𝑠𝑡, 𝑆(𝑄𝐶𝑖

2)𝑝𝑜𝑠𝑡, … , 𝑆(𝑄𝐶𝑖
𝑛)𝑝𝑜𝑠𝑡 are the confidence scores of all 600 
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direct children terms of 𝑄𝑖  after post-processing. This post-processing procedure 601 

enforces that the confidence score of 𝑄𝑖 is larger than or equal to the scores of all 602 

children. 603 

 604 

Evaluation metrices 605 

Maximum F1-score (𝐹𝑚𝑎𝑥) and area under the precision-recall curve (𝐴𝑈𝑃𝑅) are used 606 

to evaluate the performance of proposed methods. 𝐹𝑚𝑎𝑥 is one of the most important 607 

evaluation metrics in CAFA [23, 48] and is defined as: 608 

 𝐹𝑚𝑎𝑥 = 𝑚𝑎𝑥
0≤𝑡≤1

[
2∙𝑝𝑟(𝑡)∙𝑟𝑐(𝑡)

𝑝𝑟(𝑡)+𝑟𝑐(𝑡)
] (11) 609 

where t is a cut-off value of confidence score; 𝑝𝑟(𝑡)  and 𝑟𝑐(𝑡)  are precision and 610 

recall, respectively, with confidence score ≥ 𝑡: 611 

 {
𝑝𝑟(𝑡) =

𝑡𝑝(𝑡)

𝑡𝑝(𝑡)+𝑓𝑝(𝑡)

𝑟𝑐(𝑡) =
𝑡𝑝(𝑡)

𝑡𝑝(𝑡)+𝑓𝑛(𝑡)

 (12) 612 

where 𝑡𝑝(𝑡)  is the number of correctly predicted GO terms, 𝑡𝑝(𝑡) + 𝑓𝑝(𝑡)  is the 613 

number of all predicted GO terms, and 𝑡𝑝(𝑡) + 𝑓𝑛(𝑡) is the number of GO terms in 614 

experimental function annotation. 𝐴𝑈𝑃𝑅 is a critical measure in multi-label prediction 615 

task [49] and ranges from 0 to 1.  616 

The average performance of a method on multiple species is measured by weighted 617 

average 𝐹𝑚𝑎𝑥 (𝑊𝐴𝐹𝑚𝑎𝑥) and weighted average 𝐴𝑈𝑃𝑅 (𝑊𝐴𝐴𝑈𝑃𝑅): 618 

 {
𝑊𝐴𝐹𝑚𝑎𝑥 =

∑ 𝐹𝑚𝑎𝑥𝑖∙𝑁𝑖
𝑀
𝑖=1

∑ 𝑁𝑖
𝑀
𝑖=1

𝑊𝐴𝐴𝑈𝑃𝑅 =
∑ 𝐴𝑈𝑃𝑅𝑖∙𝑁𝑖

𝑀
𝑖=1

∑ 𝑁𝑖
𝑀
𝑖=1

  (13) 619 

where 𝑀 is the number of species, 𝐹𝑚𝑎𝑥𝑖 and 𝐴𝑈𝑃𝑅𝑖 are the 𝐹𝑚𝑎𝑥 and 𝐴𝑈𝑃𝑅 620 

values, respectively, on the test dataset of the 𝑖-th species, and 𝑁𝑖 is the number of test 621 

genes for the 𝑖-th species. 622 

 623 

Code availability 624 

The online server, standalone package, and all benchmark datasets and libraries are 625 
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available at https://zhanglab.ccmb.med.umich.edu/TripletGO/. 626 
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TABLES 772 

Table 1. The modeling results of ten GO prediction methods on two illustrative genes. TP and FP 773 

refer to true positive and false positive rates, respectively. Best performers are highlighted in bold 774 

fonts in each category. 775 

Gene Measure MR PCC MLC SRC ED TNP GSAGP PSAGP NPG TripletGO 

GALNT4 
TP 8 8 7 7 8 8 7 7 7 10 

FP 3 1 2 3 1 0 3 4 4 0 

MIRLET7C 
TP 1 1 3 6 1 7 8 0 6 8 

FP 2 2 2 2 2 1 0 0 2 0 

 776 

Table 2. The incorrectly predicted GO terms for ten GO prediction methods on two illustrative genes.  777 

 GALNT4  MIRLET7C 

False positives  False positives 

MR GO:0005654 GO:0005829 GO:0032991  GO:0016020 GO:0005886 

PCC GO:0005829  GO:0016020 GO:0005886 

MLC GO:0005829 GO:0032991  GO:0016020 GO:0005886 

SRC GO:0005654 GO:0005829 GO:0005886  GO:0016020 GO:0005886 

ED GO:0005829  GO:0016020 GO:0005886 

TNP   GO:0005654 

GSAGP GO:0005654 GO:0005829 GO:0005886   

PSAGP GO:0031410 GO:0030133 GO:0097708 GO:0031982   

NGP GO:0005829 GO:0032991 GO:0005634 GO:0005886  GO:0016020 GO:0032991 

TripletGO    

  778 
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Figure legends 779 

Figure 1. The procedures of TripletGO 780 

A. The design of a triplet-network for assessing expression profile similarity. B. The 781 

triplet network-based pipeline (TNP) for expression profile-based GO prediction. C. 782 

The flowchart of TripletGO to integrate four complementary pipelines for GO 783 

prediction. EPGP: expression profile-based GO prediction, GSAGP: genetic sequence 784 

alignment-based GO prediction, PSAGP: protein sequence alignment-based GO 785 

prediction, NGP: naïve-based GO prediction.  786 

 787 

Figure 2. Comparison of six transcript expression profile-based GO prediction 788 

methods (key at top) 789 

A-B. The 𝑊𝐴𝐹𝑚𝑎𝑥 and WAAUPR values on the test datasets of 8 species. C-D. The 790 

𝐹𝑚𝑎𝑥 and AUPR values on 98 non-coding test genes. MR: mutual rank. PCC: Pearson 791 

correlation coefficient. MLC: metric learning for co-expression. SRC: Spearman rank 792 

correlation. ED: Euclidean distance. TNP (triplet network-based pipeline).  793 

 794 

Figure 3. Comparison of the 𝑨𝑽𝑮_𝑾𝑭𝑺  values by six transcript expression 795 

profile-based GO prediction methods on 8 test species 796 

 797 

Figure 4. Comparison of GO prediction results using different methods 798 

A-B. The 𝑊𝐴𝐹𝑚𝑎𝑥 and WAAUPR values on the test datasets of 8 species for nine GO 799 

prediction methods. C-D. The 𝐹𝑚𝑎𝑥 and AUPR values on 98 non-coding genes for 800 

seven GO prediction methods. 801 

 802 

Figure 5. Comparison of AUROC values of three GO aspects by different methods 803 

on the common dataset 804 

A. GENETICA, TNP and TripletGO on human. B. GENETICA, TNP and TripletGO 805 

on mouse. C. GeneNetwork, TNP and TripletGO on human. In each box, the median 806 

line and triangle represent the median and mean AUROC values, respectively. 807 

 808 

Figure 6. Performance comparison on 2,433 test proteins of 7 species from CAFA3 809 
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benchmark dataset 810 

A-B. The 𝐹𝑚𝑎𝑥  and AUPR values for six transcript expression profile-based GO 811 

predictions. C-D. The 𝐹𝑚𝑎𝑥  and AUPR values for five proposed GO prediction 812 

methods and two existing GO prediction methods. 813 

 814 

Figure 7. The directed acyclic graphs of 12 GO terms in the experimental 815 

annotation on two illustrative genes 816 

A. GALNT4; B. MIRLET7C. The circles above each GO term refer to the prediction 817 

methods, where a circle filled with “X” on GO term “Y” indicates that method “X” can 818 

correctly predict term “Y”. 819 

  820 
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Supplementary material 821 

Supporting Figures 822 

Figure S1  The performance of six expression profile-based methods on the test 823 

datasets for 8 species 824 

Figure S2  The precision-recall curves of six expression profile-based methods on 825 

the test datasets for 8 species 826 

Figure S3  Variation curves of 𝑭𝒎𝒂𝒙 values of TNP and NON-PCA-TNP on the 827 

test dataset of human species versus the sampling ratios in expression data 828 

Figure S4  The scattering plots of mean expression level versus F1-scores for 1470 829 

human test genes by TNP 830 

Figure S5  The 𝑨𝑽𝑮_𝑾𝑭𝑺  values of six measures for three GO aspects in 8 831 

individual species 832 

Figure S6  The scattering plots of weights versus F1-scores of 100 templates for 833 

the gene MIRLET7C over TNP, MR, and PCC 834 

Figure S7  The 𝑭𝒎𝒂𝒙 values of nine GO prediction methods on the test datasets 835 

for 8 species 836 

Figure S8  The 𝑨𝑼𝑷𝑹 values of nine GO prediction methods on the test datasets 837 

for 8 species 838 

Figure S9  The precision-recall curves of five GO prediction methods on the test 839 

datasets for 8 species 840 

Figure S10  Comparison of mean and median AUROC values of three GO aspects 841 

by different methods on the common dataset 842 

Figure S11  Comparison of 𝑭𝒎𝒂𝒙  and 𝑨𝑼𝑷𝑹  values of three GO aspects by 843 

different methods on the common dataset 844 

Figure S12  The performance of six expression profile-based methods for 7 845 

species on CAFA3 test dataset 846 

Figure S13  The directed acyclic graph of predicted GO terms with 847 

corresponding confidence scores for gene GALNT4 by TripletGO 848 

Figure S14  The distribution of sequence identities for 10000 gene-gene pairs and 849 

10000 mapped protein-protein pairs 850 

 851 

Supporting tables 852 

Table S1  The p-values between TNP and other five expression profile-based 853 

preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


 

31 
 

methods for 𝑾𝑨𝑭𝒎𝒂𝒙 and 𝑾𝑨𝑨𝑼𝑷𝑹 854 

Table S2  The p-values between TNP and other five expression profile-based 855 

methods for 𝑭𝒎𝒂𝒙 and 𝑨𝑼𝑷𝑹 on 8 species 856 

Table S3  The 𝑭𝒎𝒂𝒙 values of TNP and NON-PCA-TNP on the test dataset of 857 

human species for different sampling ratios in expression data 858 

Table S4  The p-values between EGPN and other eight GO prediction methods 859 

for 𝑾𝑨𝑭𝒎𝒂𝒙 and 𝑾𝑨𝑨𝑼𝑷𝑹 on the test datasets of 8 species 860 

Table S5  The p-values between EGPN and other eight GO prediction methods 861 

for 𝑭𝒎𝒂𝒙 and 𝑨𝑼𝑷𝑹 on 8 species 862 

Table S6  The p-values between EGN and other six GO prediction methods for 863 

𝑭𝒎𝒂𝒙 and 𝑨𝑼𝑷𝑹 on 98 non-coding genes 864 

Table S7   The details of training and test dataset for 7 species in CAFA3 dataset 865 

Table S8  The p-values between TNP and other five expression profile-based 866 

methods for 𝑭𝒎𝒂𝒙 and 𝑨𝑼𝑷𝑹 on 2433 proteins of 7 species from CAFA3 test 867 

dataset 868 

Table S9  The p-values between TNP and other five expression profile-based 869 

methods for 𝑭𝒎𝒂𝒙 and 𝑨𝑼𝑷𝑹 on CAFA3 test dataset for each of 7 species 870 

Table S10  The p-values between TripletGO and other six GO prediction methods 871 

for 𝑭𝒎𝒂𝒙 and 𝑨𝑼𝑷𝑹 on 2433 proteins of 7 species from CAFA3 test dataset 872 

Table S11  The numbers of genes with GO annotation of three aspects for 20 873 

species 874 

Table S12  The details of 8 benchmark datasets constructed in our work 875 

Table S13  The values of 𝜶, 𝒉, 𝒎𝒂𝒓𝒈𝒊𝒏, and 𝒄𝒇 on the benchmark datasets for 876 

8 species 877 

 878 

Supporting Texts 879 

Text S1  The procedures of GBA strategy for expression profile-based GO 880 

prediction 881 

Text S2  The performances of six expression profile-based GO prediction 882 

methods for each individual species 883 

Text S3  Exploring the influence of the characteristics of expression data on 884 

prediction performance for human species 885 

Text S4  The functional similarity for genes 886 

preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


 

32 
 

Text S5  The performances of nine GO prediction methods for each individual 887 

species 888 

Text S6  Finding common genes and GO terms between our datasets and 889 

GENETICA’s datasets 890 

Text S7  Finding common genes and GO terms between our datasets and 891 

GeneNetwork’s datasets 892 

Text S8  Comparison with the existing gene function prediction models in gene-893 

center level 894 

Text S9  The performances of six expression profile-based GO prediction 895 

methods for each individual species on CAFA3 test dataset 896 

Text S10  The confidence scores of the candidate GO terms for gene GALNT4 by 897 

TripletGO 898 

Text S11  The construction procedures of Gene-GOA 899 

Text S12  Distance rank-based strategy 900 

Text S13  The construction procedures of genetic sequence database with GO 901 

annotation 902 

Text S14  The construction procedures of protein sequence database 903 

Text S15  The relationship between protein sequence identity and genetic 904 

sequence identity 905 

preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058


preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for thisthis version posted November 27, 2021. ; https://doi.org/10.1101/2021.11.25.470058doi: bioRxiv preprint 

https://doi.org/10.1101/2021.11.25.470058

