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3.4.4.1.1 Pathway Enrichment Analysis of Proteins Involved in Host-Pathogen
PPIs Pathway enrichment analysis of human protein predicted to be targeted by M-
tuberculosis can reveal much about the functional relevance of host proteins involved in
the host-pathogen PPI. The basis for the pathway enrichment analysis stems from the fact
that the host proteins involved in host-pathogen interactions should be a set of proteins
that have functional correlation to pathways relevant to the pathogen infection. We con-
ducted pathway enrichment analysis to assess the quality of our prediction results (Table

3.5) and (Table A.5 in appendix) .

Table 3.5: Pathway enrichment analysis of human proteins involved in the predicted

host-pathogen PPIs dataset

GO Term Description corrected p-Value

hsa05330 Allograft rejection 0.0655169228523671
hsa04940 Type I diabetes mellitus 0.0587534383209521
hsa05332 Graft-versus-host disease 0.0573589240685808
hsa04620 Toll-like receptor signaling pathway 0.0522176682089858
hsa05320 Autoimmune thyroid disease 0.0411967332397079
hsa04060 Cytokine-cytokine receptor interaction 0.0127952357982488
hsa05310 Asthma 0.0116853080549702
hsa04672 Intestinal immune network for IgA production 0.00852708916093116
hsa04612 AnSystemic lupus erythematosus 0.00600444889205232

3.5 Summary

Knowledge of interactions between host and pathogen proteins is important for under-
standing the pathogenic process. The goal of this study was prediction of physical inter-
actions of proteins of Mycobacterium tuberculosis with human proteins, using a trained
neural network. We proposed a novel strategy for host-pathogen PPI prediction in the

absence of experimentally validated data. This strategy utilized tow intra-species PPI
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data to develop a binary classification model then extend the model for host-pathogen
prediction. Therefore, we start with proof of concept model that is built using human
intra PPI data combined with Bacillus anthracis intra PPI data. Thus, the model was
trained using human and Bacillus intra species data combined with the optimal feature
sets that obtained from Chapter 2. The model was tested using experimentally verified
human- Bacillus anthracis inter-species PPI data to validated the possibility of extending
the model developed using intra species data to make prediction on inter-species PPI. The
rationale behind using human-Bacillus to build the proof of concept model is that, first
there is enough human and Bacillus inter species PPI data which is important for testing
the model. Secondly, to our knowledge there is no previous work that implemented this
strategy for host-pathogen PPI prediction using machine learning techniques so that we
can conduct any comparison. However, our model shows good results for inter-species
data that motivate us to proceed for developing a model to predict PPI between human
and Mycobacterium tuberculosis. The human-M-tuberculosis PPI prediction results were

further filtered using functional annotation categories.



Chapter 4

Online Human-M-tuberculosis PPI

Predictor

4.1 Abstract

Background: A number of web tools have been developed to predict human-pathogen
protein-protein interactions that are based on homology searching methods. These include
structural information obtained from interacting domains. Despite the use of machine-
learning methods to prediction PPI, there has not been a web-accessible platform that
allows a user to screen their data against these classifier models. Results: In this study,
a host-pathogen predictor web server was designed to allow the user to submit protein
sequence pairs for human and M-tuberculosis. The front end of the server was written
in PHPframework, CSS and javascript, and the back-end program for protein-protein
interaction prediction. The PPI prediction module comprises a protein sequence data
pre-processing step and a machine learning algorithm for binary classification. The clas-
sification algorithm was implemented using pybrain, a python library for artificial neural
networks. The HPPredict webserver calculates the likelihood of a human-M-tuberculosis
protein-protein interaction using an underlying neural network model, which performs

with an accuracy of 93% as demonstrated in Chapter 3. The server can be accessed at
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URL:(http://hppredict.sanbi.ac.za).

4.2 Overview

To complement experimental data, several computational tools have been developed to
predict PPIs within single species (Intra) and between host-pathogen (Inter species).
However, only few online tools are available for PPI prediction. Chinnasamy et al. (2006)
developed a probability-based tree augmented naive (TAN) Bayesian network combined
with yeast PPI data for training and validation to predict protein-protein interactions
within a species. In addition, Aloy and Russell, (2003) produced a web server to predict
PPIs using homologous searching methods. Their method starts with searching homologs
of query proteins against the database of interacting domains (DBID) of known three-
dimensional complex structures. The preservation of the atomic contacts at the interaction
interface was used as a scoring matrix. Structure information has been central to number
of PPI prediction webtools (Ogmen et al., 2005; Planas-Iglesias et al., 2013). Dohkan
et al. (2006) developed a web server using a support vector machine (SVM) model to
predict PPI in yeast and human. They assume that the high level of false positives in
binary classification is due to the equality between positive and negative training sets.
Therefore, in order to improve the performance they increased the number of negatives.
Rashid et al. (2010) developed a web-server to predict PPIs in Mycobacterium tuberculosis.
They used an SVM combined with three models: i) amino acid composition, ii) dipeptide
composition and iii) biochemical class tripeptide composition. Herein, we developed a
web-based tool (HPPredict) to predict potential PPIs between human and Mycobacterium
tuberculosis that uses a feed forward artificial neural network method to decide whether
two proteins interact or not. Quadruple frequency of amino acid, sequence similarity, and
human interactome network properties were added as features. Furthermore, HPPredict

provides a likelihood score for the potential predicted PPIs.
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4.3 Implementation

HPPredict consists of two parts; a front-end web interface, written in PHPframework, CSS
and javascript, and a back-end program for protein-protein interaction prediction which
consists of two modules. One module focuses on protein sequence data pre-processing, and
a machine learning algorithm for binary classification. The classification algorithm was
implemented using pybrain, a python library for artificial neural network. The flowchart
representation of HPPredict is shown in 4.1. The back-end processes start by data parsing
where the input sequences are saved in a temporary file with job ID as filename which
is unique for each job having been submitted to the server. Secondly, the data encoding
processes are started by calling a number of python scripts This includes a script for the
five types of features (quadruple, human interactome network properties, and sequence
similarity). There is script for each feature type, combining all converted data into a
single file that is ready to pass as input to the classifier. After the data preprocessing
stage has been completed successfully, the classifier model will be executed to output the

result associated with the job ID.
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Work flow for the construction of HPPrediction

Figure 4.1: Work flow for the construction of HPPrediction web server. This diagram
illus- trates the data parsing and binary classification model. It includes a web based user

interface.

4.4 Description of the web server

4.4.1 Home page

The home page provide the user with a brief introduction to the web server.
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Figure 4.2: Host-pathogen. Input data includes a pair of sequences in FASTA format

4.4.2 Host-pathogen prediction

HPpredlct\Pred jon - Mozilla Firefox

SANBI HP Al

s Institute
Home Prediction  Results  Downloads Help

Enter protein sequence pair:
@

# Please Enter Sequencel (Human)

2 Flease Enter Sequence? (TB)

or, alternatively upload a file (txt, fasta):
@

& NoFile Selected

Figure 4.3:

The prediction page serves as the main engine of the predictor. The user submits a pair of
protein sequences in FASTA format, Alternatively the prediction page provides a file up-
loading option. The file must contain a pair of amino acids from both host and pathogen.

After pressing the submit button the unique job ID is generated. Using this job ID a user
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can receive the result on result page.

>PIWQNS(Mycobacterium tuberculosis)
MGESERSEAFGIPRDSPLSSGDAAELEQLRREAAVLREQLENAVGSHAPTRSARDIHQLE
ARIDSLAARNSKLMETLKEARQQLLALREEVDRLGQPPSGYGVLLATHDDDTVDVFTSGR
KMRLTCSPNIDAASLKKGQTVRLNEALTVVEAGTFEAVGEISTLREILADGHRALVVGHA
DEERVVWLADPLIAEDLPDGLPEALNDDTRPRKLRPGDSLLVDTKAGYAFERIPKAEVED
LVLEEVPDVSYADIGGLSRQIEQIRDAVELPFLHKELYREYSLRPPKGVLLYGPPGCGKT
LIAKAVANSLAKKMAEVRGDDAHEAKSYFLNIKGPELLNKFVGETERHIRLIFQRAREKA
SEGTPVIVFFDEMDSIFRTRGTGVSSDVETTVVPQLLSEIDGVEGLENVIVIGASNREDM
IDPAILRPGRLDVKIKIERPDAEAAQDIYSKYLTEFLPVHADDLAEFDGDRSACIKAMIE
KVVDRMYAEIDDNRFLEVTYANGDKEVMYFKDENSGAMIQNVVDRAKKNAIKSVLET-
GQP GLRIQHLLDSIVDEFAENEDLPNTTNPDDWARISGKKGERIVYIRTLVTGKSS-
SASRAID TESNLGQYL

>P11940(HUMAN)
MNPSAPSYPMASLYVGDLHPDVTEAMLYEKFSPAGPILSIRVCRDMITRRSLGYAYVNFQ
QPADAERALDTMNFDVIKGKPVRIMWSQRDPSLRKSGVGNIFIKNLDKSIDNKALY-

DTFS AFGNILSCKVVCDENGSKGYGFVHFETQEAAERAIEKMNGMLLNDRKVEV-
GRFKSRKERE AELGARAKEFTNVYIKNFGEDMDDERLKDLFGKFGPALSVKVMT-
DESGKSKGFGFVSFER HEDAQKAVDEMNGKELNGKQIYVGRAQKKVERQTELKRK-
FEQMKQDRITRYQGVNLYVKN LDDGIDDERLRKEFSPFGTITSAKVMMEGGRSKGFGFVCE-
SSPEEATKAVTEMNGRIVAT KPLYVALAQRKEERQAHLTNQYMQRMASVRAVPN-
PVINPYQPAPPSGYFMAAIPQTQNRA AYYPPSQIAQLRPSPRWTAQGARPHPFQN-
MPGAIRPAAPRPPFSTMRPASSQVPRVMSTQ RVANTSTQTMGPRPAAAAAAATPAVRTVPQYKY
PQQHLNAQPQVTMQQPAVHVQ GQEPLTASMLASAPPQEQKQMLGERLFPLIQAMH-
PTLAGKITGMLLEIDNSELLHMLESP ESLRSKVDEAVAVLQAHQAKEAAQKAVNSAT-
GVPTV
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Alternatively the prediction page provides a file uploading option. The file must contain
a pair of amino acids from both host and pathogen. After pressing the submit button the

unique job ID is generated. Using this job ID a user can receive the result on result page.

4.4.3 Result Page

ety B = 1225 &
% | B struct2Net x| PiPs:HumanPr... x | B Predictiono... x | [ MycoPrint:... %

To fetch a result, please enter the job ID

@

Fetch Result

e JaAfo@nPEdE oD e

Figure 4.4:

After the data submission processes has been completed successfully, the engine will do all
the calculation such as converting amino acid sequences to numerical data and calculating
a prediction using the model. However, all these processes take place in the back-end
system. The output is a prediction score that ranges from 0 to 1. Score from 0.6 to 1
means that two proteins are interacting, but the strength of interaction depends on how

close the score is to 1.
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4.4.4 Download Page

ety B 2 = 1225 &%
x | M ExPASy:SIB... x | Bl Struct2Net x| PIPs: Humanpr... x | B Predictiono... x | [ MycoPrint: ... %

Il pre-computed predictions with their scores for human MTB protein-protein interaction. Datasets
-delimited format. All sequences per species are provided as well:

FileType  Download
Text

Text

be b= e e

Figure 4.5:

The download page provides all the supplementary data that was used for developing

these tools.

4.5 Conclusions

HPPredict is a convenient tool for the identification of potential protein-protein interac-
tions between a host and pathogen, which may be vital in exploring drug targets for in-
fectious diseases. This web server can also be used to construct the human-M-tuberculosis
interactome network for a novel protein whose function is unknown. In general, one
protein may interact with at least several partners including upstream and downstream
regulators. These are useful guidelines for further experimental validation of the signal-
ing network around any given protein. However, HPPredict currently provide models
for human- M-tuberculosis PPI. Additional models must be generated for other infectious
disease such as malaria. Another feature to be included in subsequent releases will be the
addition of functional annotations for the predicted PPI so that the user can interpret their

results. Finally, network analysis and visualization, are important for further elucidation
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of the result. HPPredict provides a new type of tool to facilitate the prediction of direct
or indirect protein partners and guides scientists to persue new experimental directions.

The HPPredict server is available as a public web service http://sanbi/HPPrediction/.



Chapter 5

Conclusions and recommendations

Numerous human diseases are caused by bacterial infections. Our lack of understanding
of the intimate relation between the pathogen and its host complicates the development of
therapies. Protein-protein interactions are key players in every cell function, both within
and between organisms, at every level of cellular function. Comprehensively identify-
ing these interactions are essential to understand the mechanisms by which pathogens
evade the hosts immune system. Past experimental and computational research largely
focused on identifying interactions within single organisms. However, the elucidation of
inter-species PPIs offers an alternative avenue for the design of novel chemotherapeutics.
Prediction of critical PPIs in pathogens and host-pathogen systems will allow the design
of several inhibitors at a given time. Thus, characterizing the interspecies interactome
on a systematic level has only been a recent focus. High-throughput experimental tech-
niques are being adapted to identify the interactions of both organisms at the same time.
However, there is still no single cost-effective and highly accurate experimental technique
to identify interactions on a large scale. As was the case for intra-species protein inter-
actomes, computational methods could be utilized to inform and accelerate experimental
endeavors. This thesis contributes towards identifying an interspecies interactome, specif-
ically between human and Mycobacterium tuberculosis. A mechanine learning perspective
was adopted throughout this thesis. The task of predicting PPIs were formulated in a

binary classification framework, where each possible protein pair falls into one of two
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classes, the interacting protein pairs (positive class) and the non-interacting protein pairs
(negative class). The classifiers were trained in a supervised setting. In developing these
predictors, several data and methodology-related challenges were handled. Firstly, Chap-
ter 2 describes the first supervised model. A feed forward neural network classifier was
employed to learn to distinguish interacting proteins from non-interacting pairs. One
challenge to building such a system is identifying biological information that can serve as
predictive features. Therefore, identifying information that is predictive in distinguishing
interacting protein pairs from non-interacting ones is important. Thus, we developed a
model that determines an optimal feature set that can be more representative for host-
pathogen interaction prediction. This thesis demonstrated that the quadruple amino acid
consecutive frequencies feature combined with human interactome properties plus pair-
wise sequence similarity score, can give optimal results on host-pathogen PPIs prediction.
This result was validated in a comparison to published feature selection (Cui et al., 2012;
Gomez et al., 2003; Taylor et al,. 2004) in human- HIV PPI data. Secondly, in Chapter 3
we utilized the optimal feature set obtained from Chapter 2 to develop a novel model for
human- Mycobacterium tuberculosis PPI. In Chapter 3 we use tow intra-species PPI data
in order to make inter-species prediction. To our knowledge there is no previous work that
utilize tow intra-species data combined with machine learning to predict host-pathogen
interactions. Therefore, we developed a model using human-Bacillus anthracis for which
there is available inter- species PPI data. This approach was then extended to human- M-
tuberculosis PPI prediction. Finally, in Chapter 4 we developed a web server to predict
the likelihood of two human-M-tuberculosis proteins interacting based on the model de-
veloped in Chapter 3. There are several potential directions for future extensions of this
research. Firstly, the web server can be expanded to incorporate functional information
and visualization. Secondly, the server can be modified for predicting interactions in other
Host-pathogen sys tems. Along with M-tuberculosis, there are many other clinically im-
portant pathogens for which computational models could shed light on their interaction
with the human host. The binary classification setting I provide and most of the features

I derive can be extended to predicting other host-pathogen PPIs. The limiting step will
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be the availability of the labeled data.

numerous of human diseases are caused by bacterial infections. Our lack of under-
standing of the intimate relation between the pathogen and its host complicates the de-
velopment of therapie. Protein-protein interactions are key players in every cell function,
both within and between organisms, at every level of cellular function. Comprehensively
identifying these interactions is essential towards discovering how cellular processes take
place. Past experimental and computational research largely focused on identifying inter-
actions within single organisms. However, the elucidation of inter-species PPIs offers an
alternative avenue for the design of novel chemotherapeutics. Prediction of critical PPIs
in pathogens and host-pathogen systems will allow the design of several inhibitors at a
given time. Thus, characterizing the interspecies interactome on a systematic level has
only been a recent focus. High-throughput experimental techniques have being adapted
to handle the interactions of both organisms at the same time. However, there is still no
single cost-effective and highly accurate experimental technique to identify interactions
on a large scale. As was the case for intra-species protein interactome, computational

methods could be utilized to inform and accelerate experimental endeavors.

This thesis contribute to identifying an interspecies interactome, specifically between hu-
man and Mycobacterium tuberculosis. Throughout the thesis, I employed a machine learn-
ing perspective. The task of predicting PPIs were formulated in a binary classification
framework, where each possible protein pair falls into one of two classes, the interacting
protein pairs (positive class) and the non-interacting protein pairs (negative class). The
classifiers were learnt in a supervised setting. In developing these predictors, several data
and methodology-related challenges were handled. Firstly, Chapter 2 describes the first
supervised model. A feed forward neural network classifier was employed to learn to dis-
tinguish interacting proteins from non-interacting pairs. One challenge to building such a
system is identifying biological information that can serve as predictive features. There-
fore, identifying information that is predictive in distinguishing interacting protein pairs

from non-interacting ones is important. Thus, we developed a model that determines
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an optimal feature set that can be more representative for host-pathogen interaction
prediction. However, the feature selection part shows that the quadruple amino acide
consecutive frequencies feature combined with human interactome properties plus pair-
wise sequence similarity score, can give optimal results on host-pathogen PPIs prediction.
This result was validated in a comparison to published feature selection (Cui et al., 2012;
Gomez et al., 2003; Taylor et al,. 2004) in human-HIV PPI data. Secondly, in Chapter
3 we utilized the optimal feature set obtained from Chapter 2 to develop a novel model
for human- Mycobacterium tuberculosis PPL. In Chapter 3 we use intra-species PPI data
in order to make inter-species prediction. To our knowledge there is no previous work
that utilize intra-species data combined with machine learning to predict host-pathogen
interactions. Therefore, we first developed a model on different species, named proof of
concept model where there is available inter-species PPI data. After approval of the con-
cept, then we proceed to implement it on huamn-M-tuberculosis prediction. Finally, in
Chapter 4 we developed a web server which use the model implmented in Chapter 3.
There are several potential directions for future extensions of this research. Firstly, in-
corporating additional features to improve the accuracy of the host-pathogen prediction
task. Secondly, the web server can be expanded to incorporate functional prediction
and visualization. The server can be modified for predicting interactions in other Host-
pathogen systems. Along with M-tuberculosis, there are many other clinically important
pathogens for which computational models could shed light on their interaction with the
human host. The binary classification setting I provide and most of the features I derive
can be extended to predicting other host-pathogen PPIs. The limiting step will be the
availability of the labeled data.
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Appendix A

Supplementary material

A.1 Supplementary material for Chapter 2

Quadruple Feature Set

Sample of four consecutive amino acid frequencies, which we used as quadruple feature set.

(r,’r,’r,°r), (r,°T, TR, (7,7, T, ), (7, T, T, DY), (T, T, T, °Q), (T T
A, 1, T, F, D), (1,0, R, (1, T, R, ), (7, T, R, DY), (O, T R
'Q), (1,7, A, (T, T,/ D), (7,0, ), (7,1, R, Y, (1, T, Y, DY),
(r,°r, W, Q), (U, T, LAY, O, T, D D), (7, T, DY R, (1, T, DY Y, (T
T,’D’, D), (T, T, D", 'Q), (T,’T, D", "A’), (T, 'T,’Q, ), (T, T, ’Q, 'F'), (T, T,
Q) (T,°0,°Q, D), (T,°1,°Q,°Q), (7,7, °Q,'A%), (T,°I', 'A%, 1), (T, I, A,
B, (7,1, A CH), (1, T, A, DY), (7,1, A, Q) (7, T, A A, (T, R T
), (T, F, T, F), (7, F, T, /), (7, F, T, DY), (T, F, T, °Q), (7, F, T, "AY),
(L, F D), (7, R, R, OF, R, F ), (7, R, DY), (1, F, T FLQ),
( LA
(r,F,H, Q)
(T,’F’,’D’, D)
(T, F, Q) HY)

(T, R, T), (7, R, R, R, (O, R, H, R, (1, F, Y, D
, (T, WA, O R, DY T, (O, R, DY R, (T, R, D,
(
(

)
)
)
)
,CTF)D)Q)), (T F, DAY, (O, Q) T, (T F, Q) R,
TUFLQL DY), (TR, Q)L Q), (1, F, QLAY (1, 1, A% ),
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(L, F A ), (T, A CHY), (7, A DY), (1, F, AT, Q), (T, F, A A,
(R, T, T, OUH, T, F), (7, /TR, (7, /), T, DY), (7, ], T, Q). (T
WU, A, OF R, D), (7, R, R, O, R, R ), (7, ], F, DY), (T
W,F, Q) (0, W, A, OF R, D), (7, /R CFY), (7, Y R, (T
W,UH, DY), (T, CH, R, °Q), (O, R, R A, (T, ], D) D), (T, ], DY R, (T
W, D, W), (7, W, D DY), (7, R, D, ), (T, H, DY A, (T, H, Q) ),
(0, H, Q7 E), (O, PHY, Q) ), (1, /Y, Q) DY), (1, ], Q) Q) (1, 1Y, Q)
AY), (T, A D), (T, AN CFY), (7, A ), (T, /AN, DY), (T, HY A
'Q), (T, W, A%, A, (T, D, T, D), (T, DY, T, FY), (7, D T, R, (T, DY T
D), (T,°’D’, T, ’Q), (T, D', I, "AY), (T, D, 'F’, '), (T, D, 'F’, 'F’), (1, D', 'F,
).
)

: (
2

, (D E DY), (7, D R Q)), (O, DY Y A, (1, DY, HY, T, (O, DY, HY,

, (T, D, H, CHY), (T, DY, HY, DY), (O, D, 'HY, Q) (T, DY, H A, (T, DY,
‘DT, (U, D, DY CFY), (7, "D, DY, HY), (T, ’DY, DY, DY), (°1, D, DY 'QY), (T,
‘D, D’ A, (T, DY, Q) ), (1, DY Q) CEY), (1, D, Q) CHY), (T, D, Q7 DY),
(r,’D’, QN 'QY), (1, DY, 'Qn AN, (T, D AN D), (T, DY A EY), (T, DY A,
'H), (T, ’D’,’A’,°D), (T, ’D’, A’ 'QY), (T, DY A A, (O, Q) T T, (T, Q7 T,
F). (1Q TR, (T°QL T, D), (T T Q). (T, Q) T, A, (T,°Q
T, (T QL FF), (T Q) F ), (T,°Q FL D), (T, Q) FL Q). (T, Q) F
W), (T, Q) T), (T, QW FY), (T, Q1 ), (T, Q) ], DY), (T, Q)
Q). (T,°Q) ] A, (T, DL T, (T, Q1 DY F), (T Q) D 1), (T,
QDL D), (T,°QL D Q). (T, Q. DAY, (T, °Q, Q) T, (T, Q) °Q), ),
(T,°Q, Q. W), (T,°Q), Q. D), (T,°Q, Q. °Q), (T, Q. 'Q, A", (T, Q, A’
T), (T,°Q) AL F), (T, Q) AL ), (T, QA% DY), (T, °Q), AL Q) (T, Q)
AAY), (T, AT T, (O A T )
Triple Feature Set

Sample of three consecutive amino acid frequencies, which we used as triple feature set.

(7]:7’ 7V7’ 7L7)’ (7:[7, 7v7’ 7M7)’ (7177 7v7’ 7F7)’ (7:[77 7v7’ 7Y7)’ (7:[7’ 7v77 7\A/7)7 (7]:7’ 7V7’ 7H7)’
(717’ 7V7’ 7K7)’ (717’ 7\/‘7’ 7R7)’ (7]:7’ 7V7’ 7D7)’ (717’ 7V7’ 7E]7)7 (7177 7V7’ 7Q7>’ (717’ 7v77 7N7)’ (717’
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VL), (1, VP, (T, VA, (1, 0V, 0, (T, 0V UG, (T, VS, (T L
V), (T, L, M), (7, LR, (7, L YY), (7, 0L, W), (T, L, R, (T, L UKD,
(r,’L’, 'R, (T, L, D), (T, 'L, ’E), (1, 'L, °Q), (T, L, 'N’), (T, L’ 'T"), (T, L,
P, (T, LAY, (1, L, Q) (7, 0L, G, (7, LS, (7, MY, V), (T, M, L),
(T, M, UFY), (T, M, UY), (7, M, W), (T, MR, (7, MY, KD, (T, M RY),
(T, M, DY), (T, MR, (T, M, °Q)), (7, MY, NY), (T, M, ), (1, MY, PY), (T
MAY), (M, C), (T, MG, (1, MY, USY), (V7,08 L), (VT M), (VT
B, OV, T, Y, (VLW (VT R, (VT KD, (VT RY), (V) T, DY),
(VTR (VT 0Q), OV, T, ONY), (VT T, (V)T P, OV, T, A, (V7
00, (V7,06 (V7,8 (VL T, (VL L MY, (VL ), (V)L
YY), (V'L W), (VLD ), (V7 LK), (V7 L RY), (V) L, DY), (VL
E), V', L, 'Q), (V', 'L, NY), (V7L T, (V2 L, P, (V7 LAY, (V7L
C), OV, 'L, G, (V7,1 °SY), (V2 M0, D), V2, M0, L), (V2 M, UFY), (V7 M,
Y7), (V70N W), OV, OMY, HY), (VLMY UKD, (VMY RY), (VMY DY), (V)
M,UE), (VM UQ)), (VMY ONY), OV M, T, OV, M, P, (V7MY CAY), (V7
M, Q) (VM G, (V) OM S, (LY T V), (L, T, M), (L T FY), (L
YY), (LT, OW), (LT, /), (L, T, K, (LT, RY), (L, T, DY), (LT
), (L, T,°Q), (L, T, N, (L, T, (LT, P, (L T, UAY), (’L’ T, 0),
(L, ’T,’GY), (L7, ’T,’S), (L, 'V, ), (L7, 'V, 'MY), (L, V7, FY), (L, V7, °Y))
VLW, (L, VU, (L, VKD, (L, VR, (L VY, DY), (L VR, (
VLUQ), (L, VN, (L VLT, CL VP, (L VLAY, (L VY, CY), (
VL@, (L, VL0SY), LMY, D), CLY MY, V), (LY MY, ), (LY M YY), (L
M,W), (L, MR, (LY, MY,UK), (L), MY RY), ( ), (
M, °Q), (L, M, ONY), (L7, MY, T, (LM P, (L, MY ’A’) (’L’ M, ’C), (L,
M, UG, (LY, M), (MY, T, V), OMY, T L), OMY, TR, (MY, T, YY), (MY
W), (M, T, HY), (M T, K, (M, T, R, (M T, DY), (MY, TR, (M
T,°Q), (M, T, N, (M, T, ), (MY, T, PY), (MY, T, UAY), (MY, T, °CY), (M, T
'GY), (M2, T, °SY), (M, OV, T), (MY, V7, L), (M, V2, F), (OMC, VL UYY), (MY, VY
W), (M, VR, CMY, OV, UK), CMY, VYR, (M, VY, DY), (M, VLR, (MY
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VLUQ), OM, VLN, CMY, V), (O, VP, (M, OV CA), OMY, VL), (M
VLG, (M, VS, (MY, UL, ), (MY, LY, V), (MY, LY FY), (M, UL, YY), (M
L,W), (M, LR, (M, LKD), OMY, LY, RY), (M, UL, DY), (MY, UL R, (MY
L,Q), (M, LN, (M, UL T, (MY, LY, P, (M, UL CAY), (MY, L, °CY), (M
L, G, (M, 'L, ’S)

Table A.1: Significantly enriched GO terms for human proteins predicted to interact with

Bacillus anthraces based on artificial neural network using using DAVID database.

GO Term Description P-Value
GO:0051015 actin filament binding 2.752293578
G0O:0042802 identical protein binding 8.0275229358
G0O:0019899 enzyme binding 6.6513761468
G0:0008092 cytoskeletal protein binding 6.4220183486
GO:0043566 structure-specific DNA binding 2.9816513761
GO:0008134 transcription factor binding 6.1926605505
GO:0046983 protein dimerization activity 6.4220183486
GO:0016564 transcription repressor activity 4.3577981651
G0O:0003690 double-stranded DNA binding 2.0642201835
GO:0003677 DNA binding 18.119266055
G0:0042803 protein homodimerization activity = 4.128440367
GO:0030528 transcription regulator activity 12.6146788991
G0:0019900 kinase binding 2.752293578
GO:0043565 sequence-specific DNA binding 6.1926605505
G0O:0048306 calcium-dependent protein binding  1.1467889908
GO:0016563 transcription activator activity 4.5871559633
G0O:0043425 bHLH transcription factor binding  0.6880733945
GO:0003779 actin binding 3.8990825688
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G0:0060589

G0:0019901
G0:0030695
G0:0035258
G0:0019903
G0:0046982
GO:0005083
GO:0003712
GO:0051427
G0:0019902
GO:0051082
G0:0050681
G0:0003714
GO:0030742
GO:0048365
GO:0047485
G0:0015631
G0:0019904
GO:0003723
G0:0035257
G0:0043047

G0:0003697
GO:0019838
G0:0042162
GO:0019865
G0O:0005096
GO:0003700

APPENDIX A. SUPPLEMENTARY MATERIAL

nucleoside-triphosphatase regulator
activity

protein kinase binding

GTPase regulator activity

steroid hormone receptor binding
protein phosphatase binding
protein heterodimerization activity
small GTPase regulator activity
transcription cofactor activity
hormone receptor binding
phosphatase binding

unfolded protein binding

androgen receptor binding
transcription corepressor activity
GTP-dependent protein binding
Rac GTPase binding

protein N-terminus binding
tubulin binding

protein domain specific binding
RNA binding

nuclear hormone receptor binding
single-stranded  telomeric DNA
binding

single-stranded DNA binding
growth factor binding

telomeric DNA binding
immunoglobulin binding

GTPase activator activity

transcription factor activity

4.5871559633

2.2935779817
4.3577981651
1.1467889908
1.1467889908
2.752293578

3.2110091743
3.8990825688
1.6055045872
1.1467889908
1.8348623853
0.9174311927
2.0642201835
0.6880733945
0.6880733945
1.376146789

1.6055045872
3.4403669725
6.1926605505
1.376146789

0.4587155963

1.1467889908
1.6055045872
0.6880733945
0.6880733945
2.5229357798
7.7981651376
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G0:0010843
G0:0005201

G0:0032393
GO:0005086

G0O:0003743
G0:0042289
G0:0030911
G0O:0005099
GO:0005085

G0:0003702

GO:0003713

SUPPLEMENTARY MATERIAL FOR CHAPTER 2

promoter binding

extracellular matrix structural con-
stituent

MHC class I receptor activity

ARF guanyl-nucleotide exchange
factor activity

translation initiation factor activity
MHC class II protein binding

TPR domain binding

Ras GTPase activator activity
guanyl-nucleotide exchange factor
activity

RNA polymerase Il transcription
factor activity

transcription coactivator activity

1.1467889908
1.376146789

0.6880733945
0.6880733945

1.1467889908
0.4587155963
0.4587155963
1.376146789

1.8348623853

2.5229357798

2.2935779817
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Table A.2: Significantly enriched GO terms for human proteins predicted to interact with

Bacillus anthraces based on artificial neural network using using DAVID database.

GO Term Description P-Value

GO:0008066 glutamate receptor activity 3.6253776435
G0O:0020037 heme binding 3.9274924471
G0O:0046906 tetrapyrrole binding 3.9274924471
GO0O:0010851 cyclase regulator activity 1.5105740181
G0O:0004672 protein kinase activity 8.4592145015
GO:0004674 protein serine/threonine kinase ac- 6.6465256798

tivity
GO:0051119 sugar transmembrane transporter 1.8126888218

activity
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G0:0001640

GO:0005355

G0:0019825
G0:0005402
G0:0005351
G0:0010853
G0:0030250
GO:0003677
G0:0004970

G0:0015149

G0:0030249
GO:0009055
G0:0005234

GO:0015145

G0:0015295
GO:0070330
GO:0005070
G0O:0005506
GO:0017076
G0:0000166
G0O:0032555
G0:0032553

APPENDIX A. SUPPLEMENTARY MATERIAL

adenylate cyclase inhibiting

metabotropic  glutamate recep-
tor activity

glucose transmembrane transporter
activity

oxygen binding

cation:sugar symporter activity
sugar:hydrogen symporter activity
cyclase activator activity

guanylate cyclase activator activity
DNA binding

ionotropic glutamate receptor activ-
ity

hexose transmembrane transporter
activity

guanylate cyclase regulator activity
electron carrier activity
extracellular-glutamate-gated  ion
channel activity
monosaccharide transmembrane
transporter activity
solute:hydrogen symporter activity
aromatase activity

SH3/SH2 adaptor activity

iron ion binding

purine nucleotide binding
nucleotide binding

purine ribonucleotide binding

ribonucleotide binding

1.2084592145

1.5105740181

2.1148036254
1.5105740181
1.5105740181
1.2084592145
1.2084592145
20.8459214502
1.5105740181

1.5105740181

1.2084592145
4.2296072508
1.5105740181

1.5105740181

1.5105740181
1.2084592145
1.5105740181
3.9274924471
15.4078549849
17.5226586103
14.501510574
14.501510574
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GO:0008395
G0O:0030554
GO:0004373
GO:0018685
G0:0008943

G0O:0004357
G0:0001642

GO:0000774

GO:0008067

G0O:0060090
GO:0001883
G0:0032393
G0:0019992
G0:0001882
G0O:0015631
GO:0005524
G0O:0008017
G0:0005230

G0:0032559
G0:0032396

GO:0051287
G0O:0050662
G0:0046983

SUPPLEMENTARY MATERIAL FOR CHAPTER 2

steroid hydroxylase activity
adenyl nucleotide binding
glycogen (starch) synthase activity
alkane 1-monooxygenase activity
glyceraldehyde-3-phosphate dehy-
drogenase activity
glutamate-cysteine ligase activity
group III metabotropic glutamate
receptor activity

adenyl-nucleotide exchange factor
activity

metabotropic glutamate, GABA-B-
like receptor activity

molecular adaptor activity

purine nucleoside binding

MHC class I receptor activity
diacylglycerol binding

nucleoside binding

tubulin binding

ATP binding

microtubule binding

extracellular ligand-gated ion chan-
nel activity

adenyl ribonucleotide binding
inhibitory MHC class I receptor ac-
tivity

NAD or NADH binding

coenzyme binding

protein dimerization activity

111

0.9063444109
12.6888217523
0.6042296073
0.6042296073
0.6042296073

0.6042296073
0.6042296073

0.6042296073

0.6042296073

1.5105740181
12.6888217523
0.9063444109
1.5105740181
12.6888217523
1.8126888218
11.7824773414
1.5105740181
1.5105740181

11.7824773414
0.6042296073

1.2084592145
2.416918429
0.1359516616
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GO:0008568 microtubule-severing ATPase activ- 0.6042296073
ity
GO:0051219 phosphoprotein binding 0.9063444109

A.2 Supplementary material for Chapter 3

A.2.1 Functional Enrichment Analysis

Table A.3: Significantly enriched GO terms for human proteins predicted to interact

with Mycobacterium tuberculosis based on artificial neural network using using DAVID

database.
GO Term Description P-Value
GO:0042611 MHC protein complex 3.23544921613908E-033
GO:0042613 MHC class II protein complex 4.82140931562631E-030
G0O:0044459 plasma membrane part 1.35280381858508E-017
GO:0005615 extracellular space 7.23503205138012E-016
G0O:0044421 extracellular region part 4.17180171700974E-013
GO:0005886 plasma membrane 7.11456314393665E-013
GO:0005887 integral to plasma membrane 1.10173418858245E-010
GO:0031226 intrinsic to plasma membrane 2.25524941885622E-010
GO:0005576 extracellular region 1.12807686190366E-007
G0O:0009986 cell surface 3.88220988341176E-007
G0O:0043020 NADPH oxidase complex 0.000002909
G0O:0009897 external side of plasma membrane  9.90036867574453E-006
GO:0042612 MHC class I protein complex 2.31643760969542FE-005
G0:0031224 intrinsic to membrane 0.0001789811
G0O:0016021 integral to membrane 0.000253924
G0:0045121 membrane raft 0.0004491051



G0:0000267
G0:0046696

G0O:0005625
GO:0042825
G0:0042824

G0:0031982
G0:0043005
GO:0005578
G0:0043514
GO:0045177
G0:0030141
G0O:0005792
G0:0031012
GO:0055037
G0:0042598
G0:0010008
G0:0044440
G0:0030139
G0O:0005768
G0O:0030870
G0:0030425
G0:0042995
G0:0043235
G0:0031410
G0:0048471
G0:0030670
G0:0005624

A.2. SUPPLEMENTARY MATERIAL FOR CHAPTER 3

cell fraction

lipopolysaccharide receptor com-

plex
soluble fraction

TAP complex

MHC class I peptide loading com-

plex
vesicle

neuron projection

proteinaceous extracellular matrix

interleukin-12 complex
apical part of cell

secretory granulev
microsome

extracellular matrix
recycling endosome

vesicular fraction

endosome membrane
endosomal part

endocytic vesicle

endosome

Mrell complex

dendrite

cell projectionv

receptor complex
cytoplasmic vesicle
perinuclear region of cytoplasm
phagocytic vesicle membrane

membrane fraction

0.0004504223
0.0015379475

0.002040066
0.0031765206
0.0053559954

0.0103813822
0.0113540174
0.0200357283
0.0250339938
0.0255253642
0.0264316574
0.0304527589
0.0305916012
0.0335509649
0.0348446272
0.034982789
0.034982789
0.0381731621
0.0459514446
0.0494450822
0.05536914
0.0567679446
0.058834271
0.0618097512
0.0720397621
0.0732486703
0.0854260851
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G0O:0016324
GO:0005773 vacuole

0.0872619927
0.0991265809

apical plasma membrane

A.2.2 Cellular Compartment Analysis of Human Proteins Tar-
geted by Predicted Host Pathogen PPlIs.

Table A.4: Cellular compartment significantly enriched GO terms for human proteins

predicted to interact with Mycobacterium tuberculosis based on artificial neural network

using DAVID database.

GO:0042611 MHC protein complex 3.23544921613908E-033
GO:0042613 MHC class II protein complex 4.82140931562631E-030
G0O:0044459 plasma membrane part 1.35280381858508E-017
GO:0005615 extracellular space 7.23503205138012E-016
G0O:0044421 extracellular region part 4.17180171700974E-013
GO:0005886 plasma membrane 7.11456314393665E-013
GO:0005887 integral to plasma membrane 1.10173418858245E-010
GO:0031226 intrinsic to plasma membrane 2.25524941885622E-010
GO:0005576 extracellular region 1.12807686190366E-007
G0O:0009986 cell surface 3.88220988341176E-007
G0O:0043020 MHC protein complex 3.23544921613908E-033
GO:0042613 MHC class II protein complex 4.82140931562631E-030
G0O:0044459 plasma membrane part 1.35280381858508E-017
GO:0005615 extracellular space 7.23503205138012E-016
G0O:0044421 extracellular region part 4.17180171700974E-013
GO:0005886 plasma membrane 7.11456314393665E-013



GO:0005887
G0:0031226
GO:0005576
G0O:0009986
G0:0043020
G0:0042613
G0:0044459
GO:0005615
G0:0044421
GO:0005886
GO:0005887
G0:0031226
GO:0005576
G0:0009986
G0:0043020
G0O:0009897
G0O:0042612
G0:0031224
G0:0016021
G0:0045121
G0:0000267
G0:0046696

GO:0005625
G0:0042825
G0:0042824

G0:0031982
G0:0043005
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integral to plasma membrane
intrinsic to plasma membrane
extracellular region

cell surface

MHC protein complex

MHC class II protein complex
plasma membrane part
extracellular space

extracellular region part

plasma membrane

integral to plasma membrane
intrinsic to plasma membrane
extracellular region

cell surface

NADPH oxidase complex
external side of plasma membrane
MHC class I protein complex
intrinsic to membrane

integral to membrane

membrane raft
cell fraction
lipopolysaccharide receptor com-
plex

soluble fraction

TAP complex

MHC class I peptide loading com-
plex

vesicle

neuron projection

1.10173418858245E-010
2.25524941885622E-010
1.12807686190366E-007
3.88220988341176E-007
3.23544921613908E-033
4.82140931562631E-030
1.35280381858508E-017
7.23503205138012E-016
4.17180171700974E-013
7.11456314393665E-013
1.10173418858245E-010
2.25524941885622E-010
1.12807686190366E-007
3.88220988341176E-007
0.000002909
9.90036867574453E-006
2.31643760969542E-005
0.0001789811
0.000253924
0.0004491051
0.0004504223
0.0015379475

0.002040066
0.0031765206
0.0053559954

0.0103813822
0.0113540174
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GO:0005578
G0:0043514
GO:0045177
G0:0030141
GO:0005792
G0:0031012
G0O:0055037
G0:0042598
G0:0010008
G0:0044440
G0:0030139
GO:0005768
GO:0030870
G0O:0030425
G0:0042995
G0:0043235
G0:0031410
G0O:0048471
G0:0030670
GO:0005624
G0:0016324
GO:0005773
G0O:0009897
G0:0042612
G0:0031224
G0:0016021
G0O:0045121
G0:0000267
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proteinaceous extracellular matrix
interleukin-12 complex

apical part of cell

secretory granule

microsome

extracellular matrix

recycling endosome

vesicular fraction

endosome membrane
endosomal part

endocytic vesicle

endosome

Mrell complex

dendrite

cell projection

receptor complex

cytoplasmic vesicle

perinuclear region of cytoplasm
phagocytic vesicle membrane
membrane fraction

apical plasma membrane
vacuole

external side of plasma membrane
MHC class I protein complex
intrinsic to membrane

integral to membrane
membrane raft

cell fraction

0.0200357283
0.0250339938
0.0255253642
0.0264316574
0.0304527589
0.0305916012
0.0335509649
0.0348446272
0.034982789
0.034982789
0.0381731621
0.0459514446
0.0494450822
0.05536914
0.0567679446
0.058834271
0.0618097512
0.0720397621
0.0732486703
0.0854260851
0.0872619927
0.0991265809

9.90036867574453E-006
2.31643760969542E-005

0.0001789811
0.000253924

0.0004491051
0.0004504223



G0:0046696

GO:0005625
GO:0042825
G0:0042824

G0:0031982
G0:0043005
GO:0005578
G0:0043514
GO:0045177
G0:0030141
GO:0005792
G0:0031012
GO:0055037
G0:0042598
G0:0010008
G0:0044440
G0:0030139
GO:0005768
G0O:0030870
G0:0030425
G0:0042995
G0:0043235
G0:0031410
G0:0048471
G0:0030670
G0:0005624
G0:0016324
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lipopolysaccharide receptor com-

plex
soluble fraction

TAP complex

MHC class I peptide loading com-

plex
vesicle

neuron projection

proteinaceous extracellular matrix

interleukin-12 complex
apical part of cell

secretory granule

microsome

extracellular matrix
recycling endosome

vesicular fraction

endosome membrane
endosomal part

endocytic vesicle

endosome

Mrell complex

dendrite

cell projection

receptor complex
cytoplasmic vesicle
perinuclear region of cytoplasm
phagocytic vesicle membrane
membrane fraction

apical plasma membrane

0.0015379475

0.002040066
0.0031765206
0.0053559954

0.0103813822
0.0113540174
0.0200357283
0.0250339938
0.0255253642
0.0264316574
0.0304527589
0.0305916012
0.0335509649
0.0348446272
0.034982789
0.034982789
0.0381731621
0.0459514446
0.0494450822
0.05536914
0.0567679446
0.058834271
0.0618097512
0.0720397621
0.0732486703
0.0854260851
0.0872619927
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GO:0005773
G0O:0009897
G0:0042612
G0:0031224
G0:0016021
G0:0045121
G0:0000267
G0:0046696

GO:0005625
G0:0042825
G0:0042824

G0:0031982
G0:0043005
GO:0005578
G0:0043514
GO:0045177
G0:0030141
GO:0005792
G0:0031012
GO:0055037
G0:0042598
G0O:0010008
G0:0044440
G0:0030139
GO:0005768
G0O:0030870
G0:0030425
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vacuole

external side of plasma membrane
MHC class I protein complex
intrinsic to membrane

integral to membrane

membrane raft

cell fraction

lipopolysaccharide receptor com-
plex

soluble fraction

TAP complex

MHC class I peptide loading com-
plex

vesicle

neuron projection

proteinaceous extracellular matrix
interleukin-12 complex

apical part of cell

secretory granule

microsome

extracellular matrix

recycling endosome

vesicular fraction

endosome membrane

endosomal part

endocytic vesicle

endosome

Mrell complex

dendrite

0.0991265809

9.90036867574453E-006
2.31643760969542E-005

0.0001789811
0.000253924

0.0004491051
0.0004504223
0.0015379475

0.002040066
0.0031765206
0.0053559954

0.0103813822
0.0113540174
0.0200357283
0.0250339938
0.0255253642
0.0264316574
0.0304527589
0.0305916012
0.0335509649
0.0348446272
0.034982789
0.034982789
0.0381731621
0.0459514446
0.0494450822
0.05536914
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G0O:0042995 cell projection 0.0567679446
G0O:0043235 receptor complex 0.058834271

G0O:0031410 cytoplasmic vesicle 0.0618097512
GO:0048471 perinuclear region of cytoplasm 0.0720397621
G0O:0030670 phagocytic vesicle membrane 0.0732486703
GO:0005624 membrane fraction 0.0854260851
G0O:0016324 apical plasma membrane 0.0872619927
GO:0005773 vacuole 0.0991265809

A.2.3 Pathway Enrichment Analysis

Table A.5: Significantly enriched pathways for human proteins involved in the predicted
host-pathogen PPIs dataset.

Term Description P-value

hsa05330 Allograft rejection 1.43961320988873E-022

hsa04940 Type I diabetes mellitus 6.63451812361417E-021

hsa05332 Graft-versus-host disease 1.91008931630884E-018

hsa04620 Toll-like receptor signaling pathway 3.52723400581991E-016

hsa05320 Autoimmune thyroid disease 4.32686009511781E-016

hsa04060 Cytokine-cytokine receptor interac- 1.79254275419825E-015
tion

hsa05310 Asthma 5.72234157506714E-013

hsa04672 Intestinal immune network for IgA  2.31359584030868E-012
production

hsa04612 Antigen processing and presenta- 4.06974087441091E-011
tion

hsa05322 Systemic lupus erythematosus 4.88182455888323E-008
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hsa05416 Viral myocarditis 6.1708141275611E-008
hsa04630 Jak-STAT signaling pathway 4.59215307449203E-007
hsa04640 Hematopoietic cell lineage 5.48180015452256E-007
hsa04514 Cell adhesion molecules (CAMs) 1.00650660616269E-005
hsa04650 Natural killer cell mediated cytotox- 0.000245965
icity
hsa04621 NOD-like receptor signaling path- 0.0005455903
way
hsa04623 Cytosolic DNA-sensing pathway 0.0016455838
hsa00980 Metabolism of xenobiotics by cy- P450 0.002584611
tochrome
hsa00982 Drug metabolism 0.0030556494
hsa(04622 RIG-I-like receptor signaling path- 0.0060044489
way
hsa05020 Prion diseases 0.0085270892
hsa04062 Chemokine signaling pathway 0.0116853081
hsa(04660 T cell receptor signaling pathway 0.0127952358
hsa00590 Arachidonic acid metabolism 0.0411967332
hsa04210 Apoptosis 0.0522176682
hsa04670 Leukocyte transendothelial migra- 0.0573589241
tion
hsa(04614 Renin-angiotensin system 0.0587534383

hsa04144 Endocytosis 0.0655169229
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