
Background

With the advancement in recent sequencing technologies, huge amount of high throughput data is generated 

quite  often due to  which  the various  data  repositories  are  continously growing in  size.  As these novel  

sequences are available, biologists try to assign them function using experimental techniques. So far it looks 

unrealistic to assign functions for the entire proteome of a given organism based on experiments. Therefore,  

in-silico methods are helpful to predict the function of newly sequenced proteomes. In addition, even the  

proteomes of well studied organisms are not completely annotated. The challenge is, therefore, more difficult  

as both the novel sequenced and the well studied proteomes require computational methods for accurate  

function prediction.

In case of well studied proteomes, we have gathered a better understanding of their metabolism and as a  

result  corresponding metabolic  reconstructions  are  available  [].  These models/reconstructions  reflect  our  

knowledge  of  the  organism's  metabolism  and  if  we  look  closely  many  of  the  existing  metabolic  

reconstructions are still not complete and are better referred as partial metabolic reconstructions []. Such  

partial reconstructions are due to the presence of reactions for which we have not identified the protein for  

the  enzymatic  activity.  These  are  commonly  known  as  metabolic  pathway  holes  [].  There  are  several 

metabolic pathway databases like KEGG [], BRENDA [], WIT [], BioCyc [] and Boehringer Mannheim  

biochemical pathways [].  Among these, only BioCyc provides  information about the predicted pathway  

holes  in  different  organisms  alongwith  computational  pathway  analysis  of  organism  specific  pathway 

databases. It is a collection of 2988 Pathway/Genome Databases (PGDBs) which describes the genome and 

metabolic pathways of a single organism. These PGDBs are categorized into separate tiers based on their  

quality and curation effort. Tier 1 databases  are the most accurate ones having exhaustive literature-based  

curation. Tier 2 and Tier 3 databases contain computationally predicted metabolic pathways subjected to 

moderate and no curation respectively. These PGDBs in general are generated by the program PathoLogic.  

PathoLogic  predicts  the  metabolic  pathways  of  an  organism  from  its  genome  and  add  a  variety  of 

information for a particular  organism specific database including the presence of pathway holes,.  These 

metabolic holes are filled using PHFiller algorithm. The PHFiller algorithm first identifies the sequences  

from Uniport for the enzyme that catalyze the same reaction  in other organisms. It then uses the BLAST tool  

to compare that set of sequences against the full proteome of the organism where the  enzyme is predicted to  

be a meatbolic pathway hole. The resulting BLAST hits make use of a Bayesian classifier to determine the 

probability  that  whether  the  candidate  has  the  activity  required  by  the  missing  reaction.  At  a  stringent  

probability core cutoff, this method finds 45% of the pathway holes in a microbial genome [1]. 

Given a list of metabolic holes for a particular organism, the traditional approaches to find corresponding 

sequences  for  it  are  based  on  protein  functional  assignment  using  simple  pairwise  sequence  similarity  

methods like BLAST [].  The profile-sequence comparison methods, on the other hand, provide increased 

sensitivity of prediction which is evident by the use of methods like PSI-BLAST. More sensitive methods  

based on profile HMMs are available like HMMER [], HHsuite [] ,and these provide better results to detect  

homologs. 



In  this  study,  we  have  made  a  comprehensive  effort  to  analyse  the  predicted  pathway  holes  in 

Mycobacteirum tuberculosis H37Rv (Mtb) from BioCyc and report the use of profile based methods, to be 

very useful over the most commonly used methds like BLAST and PSI-BLAST. We have taken the 203 

metabolic pathway holes in Mtb predicted using pathway tools from BioCyc, these pathway holes are the 

enzymes with known sequences in other organisms but no corresponding sequences in the Mtb proteome so 

far. Profile based methods, HMMER and HHsuite, are used to identify the best possible protein sequence in 

the Mtb proteome for these functions. In addition, we  have also made an attempt to use the protein-protein 

interaction score from STRING database as a measure to fill  the pathway holes based on neighborhood  

approach.

Materials and Methods

The version 17.5 of BioCyc predicts reactions within metabolic pathways of various organisms for which no 

enzyme has been identified in their  genome and defines them as pathway holes.  The presence of these  

enzymes is supported by the presence of the corresponding pathways in the organsim. 

Dataset

We have taken Mycobacterium tuberculosis H37Rv (Mtb) as a case study to study the pathway holes and 

report probable sequences from its proteome that perform the required function. The latest release of BioCyc 

reports 203 pathway holes in various metabolic pathways of Mycobacterium. The study of these pathway 

holes in order to indentify a sequence from the  bacterial proteome will help to understand the metabolism to  

a  greater  extent.  There  are  12 metabolic  reactions  among the total   203 for  which there  is  no enzyme 

suggested and another 28 for which a partial EC is assigned. We  have not included these reactions for 

further study, as partial enzymes are susceptible to perform multiple functions and it is difficult to assign a  

specific function becasue of a large deviation of enzyme heirarchy [2],  For example - A partial EC like 

1.1.1.- may range from 1.1.1.1 to 1.1.1.353 whereas other like 5.4.99.- range from 5.4.99.1 to 5.4.99.58 

resulting into possible range of multiple functions.  These 28 partial ECs are identified upto to the 3 level of  

enzyme heirarchy, except one which has just two levels identified (1.1.-.-), and they belong to 19 unique  

enzyme classes at the three levels. These 19 EC classes are 1.1.99.-, 1.2.1.-, 1.3.5.-, 1.4.5.-, 1.8.1.-, 2.1.1.-,  

2.3.1.-,  2.4.2.-, 2.5.1.-, 2.7.1.-, 2.7.8.-, 2.8.3.-, 3.1.2.-, 3.1.3.-, 3.2.1.-, 4.2.1.-, 4.5.1.-  and 5.4.99.- .

We, therefore, took the remaining 163 metabolic reactions for which an EC has been assigned as the dataset 

to mine sequences from the Mycobacteirum proteome. It has been observed that 7 of these 163 enzymes 

were  suggested  to  catalyze  more  than  one  reaction  and these  are  1.3.99.12,  2.1.1.10,  2.4.2.1,  2.7.1.21, 

2.7.1.35, 3.1.7.2 and 5.4.2.7, thus leaving  a dataset of 156 enzymes which have not been filled up by the  

PHFiller algorithm [2] so far. 

The sequences for the 156 enzymes were collected from the Uniprot database (UniProt release 2013_08 - Jul  



24, 2013) based on the uniprot accession present in the “enzyme.dat” file provided  by the ENZYME datbase  

(24 July 2013 release).  12 of  these enzymes have no associated sequences,  1.1.1.187,  1.1.1.75,  1.5.7.1,  

1.4.99.40,  1.2.1.25,  1.2.1.43,  2.4.1.36,  2.6.1.23,  2.8.3.1,  3.5.99.6,  4.1.2.5  and  6.3.1.10.  Further  ,while 

retreiving sequences for each of these enzyme families, it was analysed whether a sequence already exists in 

Mtb proteome or not, and we found that there are 38 such enzymes where a sequence is known [See, Table  

S1]. In order to find most probable Mtb sequences for these holes, we mine the complete proteome set of 

Mycobacterium tuberculosis H37Rv from UniProtKB having 5214 entries. 



Method

We have used and compared three methods for the identification of sequences in the Mtb proteome for the 

enzyme families which are designated as pathway holes as yet. 

1. HHsuite

We have used the program HHsuite to identify the most probable sequence in the Mycobacterium proteome 

that performs the required function. Each of the enzyme families have been aligned using 'hhblits' and the 

corresponding alignments are used to build HMM profiles using 'hhmake'. The complete Mycobacterium 

proteome is transformed into profile hmm models in a similar fashion and are subsequently concatenated into 

a customized profile HMM database. We have performed specific HMM-HMM comparisons of each of the  

profiles corresponding to all enzyme families in our dataset against the target Mycobacterium database using 

'hhsearch' from HHsuite.

2. HMMER

In addition, we have also used the program HMMER [] to classify the sequences from Mtb proteome into a 

particular enzyme category. This program is also a profile based method, the HMM models were build for all  

the enzyme families, using 'hmmbuild', from the alignments which were generated using MUSCLE []. These 

models were then scanned across the entire Mtb proteome using 'hmmsearch' for classifying and ranking the 

resulting proteins.

Both of these methods are highly sensitive homology based  methods which performs better than the first  

generation of homology based methods like BLAST and PSI-BLAST []. In addition, we have also attempted 

to make use of scores from genome context based methods for the desired classification as described below.

3. Neighborhood Ranking method

The proteins present in similar pathways are known to be functionally interacting. We hypothesize that the 

known protiens which forms the neighborhood of an unknown protein in the same pathway should have very  

high protein-protein interaction scores and these score can be used to rank the proteins  to classify them as 

best probable proteins for the function. STRING database [] provides a combined score using the individual  

scores from various genome-context based methods like phylogenetic profiling, gene neighborhood, protein 

fusion, chromosomal clustering, and other evidences like experiments and text-mining. 

Given a pathway hole in a metabolic pathway, we can identify its known neighborhood from the KEGG 

metabolic maps. As shown in the Figure 1, assume that the unknown protein in the center has six known 

neighbors,  and the there  are 'n'  proteins in  the target  proteome which we designate  as  set  of  candidate  

proteins.  The idea is  to use the protein-protein interaction scores of the neighborhood proteins with the  

candidate proteins and then rank them based on the scores. A single candidate protein may interact with 

multiple neighbors which gives us multiple scores for a single protein. In this case, we propose to use the  

maximum score which signifies the uttermost interaction between the candidate and the neighborhood. In 



ideal case, we expect to get a rank of 1 for a hypothetical protein which could be used as the best possible 

protein for the desired function. In an attempt to test this hypothesis we have used the set of enzymes from  

the 'pathway-hole' list of BioCyc, which now have a known sequence, as a test dataset. We assumed that the  

function is still unkown for these enzymes and identified the known neighbors from the KEGG metabolic  

maps using the adjacency matrices of connection. These adjacency matrices were generated after parsing the  

KEGG xml files for each of the metabolic maps. In certain cases, same enzyme is known to be present in  

multiple KEGG metabolic maps, and so we have studied each of these separately. In this test dataset, we  

expect the actual protein for the function to rank as 1. 

Figure 1:  The figure shows (A) an unknown protein '?'  surrounded by known neighbors  n1-n6 and (B) a set  of 

candidate proteins from the target organism which is its entire proteome except the known neighboring proteins. For  

each neighbor, we find its interaction with all the candidate proteins. If protein P1 has an interaction score with n1, n2  

and n4, then we take the maximum score from these three scores and similarly for all other candidate proteins. All the  

candidate proteins with their respective scores are then sorted and the one with the highest score qualifies to perform the  

desired function. 



Results

The  results  after  the  implementation  of  the  methods  on  38  enzymes  with  a  known  sequence  in 

Mycobacterium proteome  are  used  as  examples  to  study  the  performance  of  the  selected  methods  to  

accurately rank the correct protein sequence for the enzyme. We have compared all the three methods and  

ranked the results from each of these methods as shown in figure 2. A more detailed description of these  

enzymes and the corresponding proteins is tabulated in Table S2. The predictions based on the homology 

based  methods  'hhsearch'  and  'hmmsearch',  using  HMM  profiles  for  functional  annotation  of  protein 

sequences, maintains a high rank which is under 4 for all the enzymes in the dataset. Both the probabilty and 

the scores  from 'hhsearch' are used for ranking the proteins and the former one performs better on this  

dataset of 38 enzymes. 

On the other hand,  when we have used the STRING combined score using the neighborhood approach 

(discussed in Material and Methods) we find that for four enzymes from the dataset the method does not  

predict the correct protein which constitutes the enzymes on which this approach does not work, and for  

three  of  the  enzymes  there  are  no  known neighborsin  the  KEGG metabolic  map while  for  others  this 

approach maintains a rank which is under 10 except for three. In ideal cases, we expect the rank to be 1. In 

general a short coming of this approach is therefore the absence of known neighbors from KEGG, since the  

method relies on the neighborhood which should be known in the target organism.

These findings suggest that the profile based methods are very sensitive for the functional annotation of 

unknown proteins, as exemplified by the high ranks of the proteins for each of the enzyme in the dataset. In 

addition,   the use of protein-protein interaction scores in the form of neighborhood approach from STRING 

also provides a useful way to make predictions which will be useful for cases where an enzyme family do not 

have any known sequences or where the profile based methods does not give high scoring hits.



Figure 2:  The figures shows the ranking of accurate predictions  using (1) probability and scores from HHsearch 

(HHsuite), (2) scores from hmmsearch (HMMER package) and (3) confidence scores from STRING database. 

We have, therefore, used these methods for the remaining set of 118 enzymes and analysed the predictions to 

predict the most probable protein in the Mtb proteome to perform the function. It has been found that for 14 

enzymes among these, there are corresponding proteins whose present annotation is probable and the fact  

that  these proteins  are  the  high ranking proteins from HMMER as  well  as HHsuite provides  additional  

evidence to be classified as the correct sequence to be assigned to the corresponding enzyme family. A list of  

these  proteins  with  the  rank from all  the  three  methods  is  shown in  Table  1.  We have  considered  the  

probability values from hhsearch to rank these proteins based on the above findings on the test dataset of 38  

enzymes having a known sequence now. In cases, where the probability values are same for two predictions 

we have considered the hit with better score. HHsearch is known to be more sensitive for remote homology 

detection which is also evident by some of the examples like 3.5.3.12 where HMMER have not reported any  

hit above the default threshold.

# HOLE Protein Id HHsearch HMMER STRING

1 1.6.1.2 L7N505/Rv0157 1 1 8

L0T2U7/Rv0155 1 2

2 1.3.1.12 L0TGF7/Rv3754 1 2 3

Q7D4X6 1 1

3 3.5.3.12 L7N4X1/Rv2323c 1 No hit 0

4 3.5.1.53 Q11146/Rv0480c 1 1 0

5 2.1.1.10 (2.1.1.5) L0T9V7/Rv2458 1 1 8

Q7D740 1 2

6 1.2.1.27 O53816/Rv0753c 1 1 3

Q7D9C1 1 2

7 4.2.99.20 O06421/Rv0555 1 1 3

8 3.2.1.20 Q7D733 1 2
6O53198/Rv2471 1 1

9 2.6.1.13 L0T9A3/Rv2322c 1 3 11

L0TAV6/Rv2321c 1 7

10 3.1.3.3 O53289/Rv3042c 1 1 4

Q7D684 2 2

11 2.7.7.62 L7N4T1/Rv0254c 1 1 0

12 2.7.7.13 Q7D5T3/Rv3264c 1 1 4

13 1.7.1.4 Q8VKP5 1 2
1L0T645/Rv0252 1 1

Table 1: This table shows the proteins in Mtb which are the best possible candidate for  a list of 14 enzymes among the  

the predicted pathway holes in Mtb, with the ranks of these hits using all the three methods.



The STRING ranks also shows similar trend of ranking the correct protein under 10 with an exception of  

2.6.1.13 where the protein is ranked as 11. For three of the enzymes,  3.5.3.12, 3.5.1.53 and 2.7.7.62 the 

protein does  not  come among the top ranking candidate  proteins  and these are  the  cases  on which the 

neighborhood approach did not work.

While analysing the remaining 104 enzymes, we have noticed that there are 17 enzymes for which there is an  

alternate enzyme present as evident from the KEGG metabolic maps. We report here two findings, first, if  

the alternate enzyme is known in Mtb and its molecular function has been experimentally verified then we 

propose that this enzyme should not be considered as a pathway hole, and second is if the alternate enzyme is  

present but the molecular function is transferred through homology then these annotations should be verified  

experimentally as these could be the potential misannotations. The latter assumption is made on the basis of  

top rank of the protein from the proposed methods which have shown to perform accuratley in Figure 2 and 

Table 1. Further, if the alternate enzyme is also unknown in Mtb so far, we propsose a new annotation to the  

original enzyme which will be the most likely protein to perform the desired function. These results are 

tabulated  in  Table  2,  where  the  first  4  enzymes  1.8.1.2,  6.3.1.5,  1.1.1.41 and 1.2.1.24,  as  per  our  first 

assumption should not be considered as a pathway hole as the function is carried on by another enzyme  

which have a  known sequence in  Mtb.  The enzymes from 5-12 in  the same table supports our  second  

assumption  of  possible  missannotation,  as  these  are  very  close  functions  and  they  have  not  been  

characterised experimentally so far. The enzymes from 13-17 are new annotations, which are selected by  

taking the top hit from both the methods, hhsearch and Hmmer.



# Hole Kegg ID Alternate 
enzyme

Protein ID Evidence  HHsearch HMMER STRING 

1 1.8.1.2 Mtu00290 1.8.7.1 (y) P71753/Rv2391 Assay 1 1 2

2 6.3.1.5 Mtu00760 6.3.5.1 (y) P0A5L6/Rv2438c Assay 1 1 4

3 1.1.1.41 Mtu00020 1.1.1.42 (y) P65097/Rv3339c Assay 1 2 5

4 1.2.1.24 Mtu00250 1.2.1.79 (y) P96417/Rv1731 Assay 1 2 6

P71989/Rv0234c Assay 1 6 4

5 2.7.2.15 Mtu00640 2.7.2.1 (y) P63409/Rv0409 IEA 1 1 1

6 1.4.1.4 Mtu00250 1.4.1.2 (y) Q7D728 IEA 1 No hit
6

O53203/Rv2476c IEA 1

7 1.1.1.27 Mtu00620 1.1.2.3 (y)

8 1.5.1.15 Mtu00670 1.5.1.5 (y) O50385/Rv3356c IEA 1 1 5

9 4.1.1.49 Mtu00010 4.1.1.32 (y) P65686 /Rv0211 IEA 1 No hit 11,6,13

10 1.1.1.40 mtu00620 1.1.1.38 (y) P71880/Rv2332 IEA 1 1 12

11 2.3.1.158 mtu00561 2.3.1.20 (y)

12 1.3.5.1 mtu00020 1.3.99.1 (y) L7N5C5/Rv0248c IEA 1 3 1

L7N501/Rv3318 IEA 1 1

P64174/Rv1552 IEA 1 2

L7N605/Rv3319 IEA 24 5

Q10761/Rv1553 IEA 39 ]

13 1.3.99.12 Mtu00280 1.3.8.7 (n) P63427/Rv3274c IEA 1 1 31

14 1.1.1.178 Mtu00280 1.1.1.35 (n) O06544/ Rv1144 IEA 1 1 0

15 1.2.3.7 Mtu00380 1.2.1.3 (n) L7N4Z4/Rv0373c IEA 1 1 0

16 2.3.1.174 mtu00362 2.3.1.16 (n) L7N4H3/Rv1074c IEA 1 1 21

17 2.7.9.2 mtu00620 2.7.9.1 (n) L0T5Z7/Rv1127c IEA 1 1 25

Q7D8T1 IEA 1 2

Table 2: The table shows the predicted pathway hole in the 2nd column followed by the KEGG identifier for each of 

these enzymes, the 4th column indicates the alternative enzyme present for this enzyme in KEGG metabolic map and 'y'  

or 'n' in parantheses show whether this enzyme is known in Mtb or not, 5th column shows the uniprot ID for the Mtb  

protein which fills the corresponding hole, 6th column indicates whether the molecular function of this protein has an 

evidence from direct assay or is inferred from electronic annotation (IEA), last three columns indicates the rank from 

the used methods.

There  are  25  enzymes  from  the  remaining  87  pathway  holes  which  are  difficult  to  predict  using  the 

homology based methods. 11 of them have no corresponding sequence suggesting it to be a global holes and 

for 14 of these enzymes the profile based methods did not give significant hit. Since the homology based 

methods do not work here, we have implemented the neighborhood approach, and reported the ranks of 

hypothetical proteins for the required function as shown in Table 3. As shown in the table, there are four  

enzymes, 5.5.1.6, 1.14.11.9, 2.4.1.36 and 1.2.1.25 which do not link to any of the KEGG metabolic maps and 



the enzyme 1.13.11.1 has no known neighbor, the approach of neighborhood therefore does not work. For 3 

enzymes, 4.2.1.54,  2.6.1.23 and 3.5.99.6, there is no hypothetical protein which have an interaction with 

these enzymes. For the rest of the enzymes, the predictions have been made based on the protein-protein 

interaction score, for two enzymes having same neighbors similar protein has been reported.

# Hole EC Kegg Pathway ID Probable predictions Rank

1 4.2.1.54 mtu00640 - -

2 1.4.3.21 Mtu00260, mtu00410 Rv0459 1

3 4.2.1.118 mtu00400 Rv2553c 4

4 5.5.1.6 - - -

5 1.14.11.9 - - -

6 4.1.1.50 mtu00330 Rv2597 5

7 3.5.3.11 mtu00330 Rv2597 2

8 4.1.1.31 mtu00620, mtu00680 Rv1126c 9

9 2.3.1.54 mtu00620, mtu00640, mtu00650 Rv1126c 12

10 1.13.11.1 mtu00362, mtu00361, mtu00364, mtu00623 - -

11 3.1.3.27 mtu00564 Rv2613c 6

12 3.5.3.1 mtu00330 Rv2323c 10

13 1.2.7.4 mtu00680 Rv0371c 1

Rv0372c 2

14 2.7.1.7 mtu00051 Rv0650 7

Rv3256c 13

15 2.8.3.1 mtu00640, mtu00643, mtu00620 Rv0459 2

Rv2923c 3

16 1.1.1.75 mtu00260 Rv2858c 2

Rv0761c 7

17 1.2.1.43 mtu00680 Rv0371c 1

Rv0372c 2

18 1.5.7.1 mtu00670 Rv2553c 17

19 4.1.2.5 mtu00260 Rv1820 23

20 1.1.1.187 Mtu00051, mtu00520 Rv1513 4

21 2.4.1.36 - - -

22 6.3.1.10 mtu00860 Rv2208 1

Rv2236c 2

Rv2848c 4

Rv2231c 5

23 1.2.1.25 - - -

24 2.6.1.23 mtu00330 - -

25 3.5.99.6 mtu00520 - -



Table 3: This table shows list  of enzymes for which there is either no sequence or the homology based methods do not give  

significant hit. Neighborhood approach has been used to predict the most probable protein which has not been characterized so far  

and the Mtb specific RvIds are listed in 4th column of the table, and 5th column defines the rank of these predictions, better the rank  

better  and more reliable is the prediction.
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