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The Topics of Research Interest

• Biological Domain Knowledge Based Feature 
Selection, Applied on Gene Expression Data

• Multi-Omics Data Integration
• Applications of Machine Learning in Human 

Microbiome
• Multi-One class 
• Text classification based Topics 



Biological Integrative Model

Review 
Application of Biological Domain Knowledge Based 
Feature Selection on Gene Expression Data
Malik Yousef * , Abhishek Kumar , Burcu Bakir-Gungor

https://www.preprints.org/manuscript/202012.0377/v1

Provide a holistic view of 
biological processes.



Gene Expression

Gene ID GSM282855 GSM282856 GSM282857 GSM282858 GSM282859 GSM282860 GSM282861 GSM282862 GSM282863 GSM282935GSM282938 GSM282940 GSM282941GSM282943GSM282944GSM282946GSM282947GSM282948GSM282949GSM282950GSM282951GSM282952

Class neg neg neg neg neg neg neg neg neg pos pos pos pos pos pos pos pos pos pos pos pos pos

A_23_P80353 0.039 -0.109 -0.044 -0.033 -0.044 0.027 -0.045 -0.059 -0.043 -0.010 -0.108 -0.140 0.034 -0.027 0.030 -0.030 0.064 -0.003 -0.026 -0.018 -0.081 0.026

APBA2 -0.133 -0.109 -0.136 -0.119 -0.164 -0.185 -0.077 -0.184 -0.108 -0.231 -0.281 -0.118 -0.145 -0.088 -0.156 -0.076 -0.036 -0.116 -0.092 -0.063 -0.185 -0.078

MAP3K6 -0.042 0.042 0.018 0.063 0.072 0.059 0.292 0.101 0.125 0.058 0.038 -0.021 -0.075 -0.051 0.173 -0.018 -0.051 0.077 0.005 0.051 -0.029 -0.133

ZNF121 -0.212 -0.240 -0.339 -0.314 -0.436 -0.050 -0.318 -0.286 -0.016 -0.550 -0.444 -0.313 -0.204 -0.226 -0.454 -0.210 -0.426 -0.210 -0.025 -0.350 0.129 -0.403

Pro25G 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

RET 0.000 -0.115 -0.442 -0.250 -0.440 -0.467 -0.141 -0.113 -0.430 -0.253 -0.165 -0.267 -0.442 -0.345 0.111 -0.151 0.000 -0.089 -0.028 -0.068 -0.005 -0.068

BX094364 0.035 0.015 -0.054 -0.058 -0.083 -0.095 0.037 -0.099 0.027 0.064 0.018 0.040 -0.014 0.053 -0.027 -0.002 0.032 0.061 0.058 0.022 0.058 0.096

C12orf56 0.029 -0.042 0.031 -0.058 -0.083 -0.095 0.038 -0.097 -0.027 0.047 -0.031 -0.042 -0.054 0.121 0.006 0.038 0.001 0.134 -0.005 0.026 0.068 0.100

E1A_r60_a20 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

MBD2 0.151 0.211 0.196 0.216 0.235 0.220 0.190 0.275 0.281 0.209 0.154 0.265 0.183 0.043 0.139 0.194 0.177 0.132 0.040 0.107 0.150 0.186

LIFR-AS1 -0.268 -0.479 -0.323 -0.343 -0.459 -0.434 -0.358 -0.481 -0.445 -0.449 -0.636 -0.363 -0.571 -0.505 -0.713 -0.597 -0.189 0.045 -0.234 -0.118 -0.248 -0.212

Pro25G 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

CMYA5 0.000 -0.033 -0.275 0.060 -0.341 -0.289 -0.054 -0.180 -0.350 -0.154 0.012 -0.335 -0.094 -0.150 -0.082 -0.286 0.192 0.123 -0.163 0.116 -0.156 0.087

DEUP1 0.793 0.478 0.149 0.237 -0.177 0.751 1.191 0.769 0.299 -0.165 0.040 1.261 0.000 2.000 0.692 1.361 0.050 0.000 0.000 0.000 0.000 0.000

MIGA2 -0.067 0.036 -0.054 -0.024 -0.055 -0.150 -0.072 -0.083 0.003 0.046 -0.027 0.009 0.010 0.038 -0.048 0.032 0.115 0.005 0.032 -0.006 0.121 0.016

TMPRSS2 1.273 1.335 1.221 1.125 1.153 0.861 0.818 1.240 1.043 0.973 1.083 1.038 1.116 1.033 1.164 1.148 1.031 0.827 0.565 0.430 1.004 0.818

A_32_P58999 0.225 0.246 0.239 0.256 0.234 0.080 0.055 0.134 0.149 -0.006 0.131 0.247 0.094 0.133 0.166 0.353 0.143 0.061 0.014 0.016 0.193 0.088

EIF5B 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Pro25G 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

A_32_P188127 0.294 0.044 0.432 0.221 0.125 0.001 0.122 0.640 0.379 0.378 0.844 0.717 0.492 -0.106 0.223 0.363 0.372 0.272 0.107 0.177 0.380 0.092

UCHL5 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

AF230200 0.014 0.053 -0.005 0.038 0.006 0.007 0.025 0.018 0.034 0.080 0.042 0.027 0.019 0.010 0.034 0.010 0.019 0.065 -0.016 0.020 0.020 0.030

MAPRE1 -0.204 -0.189 -0.357 -0.241 -0.173 -0.141 -0.231 -0.143 -0.147 -0.301 -0.322 -0.133 -0.121 -0.491 -0.191 -0.314 -0.250 -0.295 -0.408 -0.330 -0.182 -0.367

FOXA2 0.228 0.172 0.169 0.161 0.083 0.115 0.186 0.124 0.128 0.161 0.210 0.124 0.116 0.356 0.192 0.186 0.083 0.297 0.157 0.169 0.199 0.177

ICAM1 -0.383 -0.663 -0.661 -0.456 -0.259 0.053 -0.507 -0.405 -0.332 -0.388 -0.479 -0.311 -0.394 -0.485 -0.489 -0.520 -0.289 -0.407 -0.323 -0.271 -0.430 -0.466

Pro25G 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

RFWD3 -0.356 -0.604 -0.614 -0.585 -0.560 -0.362 -0.610 -0.523 -0.239 -0.480 -0.552 -0.364 -0.748 -0.447 -0.323 -0.524 -0.145 -0.300 -0.282 -0.270 -0.429 -0.392

EPYC 0.000 0.000 -0.034 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

TMEM74B -0.019 -0.073 -0.015 -0.111 -0.062 -0.079 -0.055 -0.130 -0.030 0.042 0.028 -0.050 -0.102 0.048 -0.030 0.062 -0.065 0.021 0.018 0.033 -0.023 0.031

A_32_P159668 -0.065 -0.075 -0.181 -0.158 -0.068 -0.194 -0.389 0.150 -0.150 -0.140 -0.057 -0.047 -0.196 -0.055 -0.126 -0.086 0.250 0.015 -0.012 -0.059 -0.153 -0.027

ZNF337 -0.201 -0.204 -0.210 -0.219 -0.133 -0.023 -0.076 0.018 -0.037 -0.084 -0.206 -0.225 -0.171 -0.159 -0.023 -0.174 -0.313 0.000 -0.057 -0.017 -0.194 -0.070

A_32_P122907 0.125 0.162 0.063 -0.022 0.000 0.079 0.133 0.006 0.021 0.106 0.290 -0.033 -0.093 0.281 0.099 0.078 0.284 0.259 0.211 0.216 0.054 0.065

Pro25G 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

A_23_P327643 -0.358 -0.346 -0.320 -0.674 -0.505 -0.471 -0.251 -0.339 -0.165 -0.513 -0.704 -0.509 -0.802 -0.521 -0.588 -0.509 -0.827 -0.197 -0.356 -0.288 -0.451 -0.177

SIM2 -0.217 -0.144 -0.257 -0.300 -0.332 -0.198 -0.226 -0.224 -0.069 -0.172 -0.346 -0.259 -0.291 -0.431 -0.230 -0.212 -0.288 -0.061 -0.077 -0.137 -0.139 -0.153



The Merit of Our Approaches

Most of the existing feature selection approaches 
have been borrowed from the field of computer 
science and statistics; they do not consider the 
Biological Domain Knowledge 



DATA ANALYSIS

DATA PRE-PROCESSING

Input Data

Outlier Detection

Machine Learning

Resampling MethodsFeature Selection

Normalization

Jackknife

Boosting

K-fold

Clustering

K-means

SVM

VISDA

Hierarchical

PDA

LDA

PAM

SVM K-means

Univariate Multivariate

Variance

Entropy

ANOVA

Correlation

GlobalQuantile

ROB-PCA

VISDA

PCA

MDS

Average

RFE by PDA

RFE by SVM

DWD-based Batch Correction

Classification and Class Discovery

Supervised Unsupervised

KEGG DiseasemiRTarBase SNPs

Public Databases

List of Significant 
Genes

Gene 
Annotations

Gene 
Mapping

Biological Interpretation

The Traditional Approach

In most of the existing methods, the selection of genes is still 

based on expression values alone and biological knowledge is 
integrated at the end of analysis to verify experimental results or 
to gain biological insights.

O. H. Fang, N. Mustapha, and Md. N. Sulaiman, “An integrative gene selection with association analysis for microarray data 
classification,” Intell. Data Anal., vol. 18, no. 4, pp. 739–758, Jun. 2014, doi: 10.3233/IDA-140666.



Biological Integrative Approach

Take advantage of multiple published gene 
expression datasets, the integrative analysis of gene 
expression data has become an effective tool by 
aggregating multiple datasets and increasing the 
statistical power in identifying a small subset of 
genes to effectively predict the type of the disease. 
Yang, ZY., Liu, XY., Shu, J. et al. Multi-view based integrative analysis of gene 
expression data for identifying biomarkers. Sci Rep 9, 13504 (2019). 
https://doi.org/10.1038/s41598-019-49967-4
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Integrative Approach
• The rising interest in integrative 

approach has shifted gene 
selection from purely data-
centric to incorporating 
additional biological knowledge.

• Integrative gene selection is 
viewed as a promising approach 
in microarray data classification 
that took into consideration the 
complex relationships among 
genes

A Review Paper:
Application of Biological Domain Knowledge Based Feature 
Selection on Gene Expression Data. Entropy 
Malik Yousef, Abhishek Kumar and Burcu Bakir-Gungor



Machine Learning     

Training 

Set

Test

Set

Original 

Data Set

Train 

Model

Apply

Model

Score

Model

Partition Data Train and 
apply models

Evaluate



Simple Knime Work Flow



Controls

Patients

“Positive” Class

“Negative” Class

Simple form enables easier interpretation

Linear Classifier

Linear Discriminant Analysis

0 1 1( ) ... n nF X w w x w x   

Classification through Machine Learning

Features with low weights are 
weak features-remove from 
the model   

w0,w1,…,wn are the score 
for each feature/gene
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Negative  Class

Positive  Class

Separating Hyperplane

margin

margin

Quadratic optimization problem

Find w and b such that

is maximized; and for all {(xi , yi)}

wTxi + b ≥ 1 if yi=1;   wTxi + b ≤ -1   if yi = -1

w

2
=r

wT x + b = 0

wTxb + b = -1

wTxa + b = 1

Find w and b such that

Φ(w) =½ wTw is minimized; 

and for all {(xi ,yi)}:    yi (wTxi + b) ≥ 1

w

2
=r

SVM-Support Vector Machine



Feature Selection  
Feature Selection is one of the core concepts in machine learning which hugely impacts 

the performance of your model. The data features that you use to train your machine 
learning models have a huge influence on the performance you can achieve.

Irrelevant or partially relevant features can negatively impact 
model performance.

Feature Selection is the process where you automatically or manually select
those features which contribute most to your prediction variable or output in 
which you are interested in.



Recursive Feature Elimination

Univariate

Feature 

selection

Data

Learning 

machine

Data

Learning

Machine

Multivariate

Feature 

Selection

Univariate Filter Approach Multivariate Wrapper Approach

(SVM-RFE)

Linear Discriminant Model

Y = w0 + w1 x1+ w2 x2 ….. + wn xn

X - measured gene 

expression values

W – discriminant weights for 

genes

Y = Discriminant Score

Iteratively discards the least contributing genes



Recursive Feature Elimination (RFE)   

Data

Learning

Machine

Feature 

Selection

Recursive feature 
elimination (RFE) is a 
feature selection method 

that fits a model and 

removes the weakest 
feature (or features) until 
the specified number of 
features is reached.

Features with low value of weight wi
are weak features. Wi are ranks 0 1 1( ) ... n nF X w w x w x   

Isabelle Guyon

Gene Selection for Cancer 
Classification using 
Support Vector Machines, 
Machine Learning volume 
46, pages389–422(2002)



Recursive Feature Elimination     

Data

Learning

Machine

Feature 

Selection

1. This technique begins by 
building a model on the entire 
set of features.

2. Computing an “importance
score” for each feature.

3. The least important feature(s) 

are then removed.

4. The model is re-built, and 
importance scores are 
computed again(Go to step 2)

0 1 1( ) ... n nF X w w x w x   



G()-Grouping Function

Data X = Two class 
gene expression 

data with n genes
g1,g2,…,gn

G()- Grouping Component: 
Create a list of groups that each group contains 
its set of genes  
G(g1,g2,…,gn) ={grp1,grp2,…,grpm}

R()- Ranking Component : 
Ranking each group grpi by their ability of separating 
the two classes.
Ranking Function: Use machine learning algorithm 
with cross validation  repeated r times. The rank is 
the average value  

Build classifier from 
the top j groups

Testing data 

Training data

Applying 
the model

The Generic Approach 

For example, Mootha et al. (2003) showed that the 
oxidative phosphorylation genes are significantly associated 
with diabetes as a group, while none of the genes in the 
pathway showed significant change individually

Integrating Biological Knowledge with Gene Expression 
Profiles for Survival Prediction of Cancer
Xi Chen  and Lily Wang



Create Sub Data for each Group

Sub data represent genes 
belongs to HAS-LET-7A-5P

Sub data represent genes 
belongs to  a specific miRNA

Sub data represent genes belongs 
to HAS-MIR-103A-3P



Rank Each Group=Sub Data
Groups=Sub Datasets Repeated r times

0 1 1( ) ... n nF X w w x w x   

w0,w1,…,wn are the 
score for each 
feature/gene

W1 Grp1 W2 grp2 …  Wm grpm

w0,w1,…,wm are 
the score for each 

group

grp1

grp2

grpm

Ranks or score each group individually 
We consider all 
genes together



The Generic Approach 
Ranking Algorithm - 𝑹(𝑿𝒔,𝑀, 𝒇, 𝒓)

Xs: any subset of the input gene expression data X, the features are gene expression values

M {𝒎𝟏,𝒎𝟐, … ,𝒎𝒑} is a list of groups produced by k-means. 

f is a scalar ( ): split into train and test data

r: repeated times (iteration)

res={} for aggregation the scores for each mi

Generate Rank for each mi, Rank(mi):

For each mi in M

smi=0;

Perform r times (here r=5) steps 1-5:

1. Perform stratified random sampling to split Xs into train Xt and test Xv data sets according to f (here

80:20)

2. Remove all genes (features) from Xt and Xv which are not in the group mi

3. Train classifier on Xt using SVM

4. t = Test classifier on Xv –calculate performance

5. smi = smi + t;

Score(mi)= smi /r ; Aggregate performance

res= ڂ𝑖=1

𝑝
𝑆𝑐𝑜𝑟𝑒(𝑚𝑖)

Output

Return res ( res = {Rank(m1),Rank(m2),…,Rank(mp)} )

The data represented 

Just by the genes 
belongs to the specific 
group



Score/Rank Each Group=Sub Data

0 1 1( ) ... n nF X w w x w x   

w0,w1,…,wn are the 
score for each 
feature/gene

W1 Grp1 W2 grp2 …  Wm grpm

w0,w1,…,wm are 
the score for each 

group

Ranks or score each group individually! 

We consider all 
genes together

There are two steps for building prediction models based on 
pathways: (1) for each gene set, select genes associated with 
outcome and summarize information from these selected 
genes by estimating the underlying latent variable, which are 
the “super genes;” and (2) construct prediction model using 
relevant super genes as predictors. In this paper, we study 
pathway-based versus gene-based prediction models using 
Supervised PCA (Bair and Tibshirani, 2004; Bair et al., 2006) and 
Lasso because of their simplicity and popularity, but the 
proposed strategy can be easily adapted to other prediction 
models as well.

In this way, we do not consider the 

relationship between the groups 

that could be important in term of 

computational and biological 

perspectives

Chen X, Wang L. Integrating biological knowledge with gene expression profiles for 

survival prediction of cancer. J Comput Biol. 2009;16(2):265-278. 
doi:10.1089/cmb.2008.12TT

To find the optimal solution one 

needs to consider all combination of 

two or three groups (or even more), 

which is a computationally intensive 

approach
Rank Groups Simultaneously

Let 𝑐1, 𝑐2,…,𝑐𝑘 groups

1. For each 𝑐𝑖 choose a representative gene 

2. Apply Linear SVM on the representative genes 

3. Assign a score to each group as the absolute value of 

the correspond representative



The Score/Rank for each Group
Group Mean(Accuracy) Mean(Sensitivity) Mean(Specifity) Mean(Recall) Mean(Precision) Mean(F-measure) Mean(Cohen's kappa)

HSA-LET-7A-5P 0.88 0.87 0.90 0.87 0.96 0.90 0.74

HSA-LET-7B-5P 0.54 0.58 0.45 0.58 0.69 0.62 0.04

HSA-LET-7C-5P 0.57 0.64 0.40 0.64 0.70 0.67 0.05

HSA-MIR-1-3P 0.91 0.93 0.85 0.93 0.93 0.93 0.79

HSA-MIR-1-5P 0.69 0.76 0.55 0.76 0.79 0.77 0.29

HSA-MIR-100-5P 0.74 0.78 0.65 0.78 0.84 0.80 0.40

HSA-MIR-101-3P 0.92 0.96 0.85 0.96 0.94 0.94 0.82

HSA-MIR-101-5P 0.92 0.93 0.90 0.93 0.96 0.94 0.82

HSA-MIR-103A-3P 0.75 0.76 0.75 0.76 0.88 0.81 0.46

HSA-MIR-105-5P 0.91 0.98 0.75 0.98 0.90 0.94 0.77

HSA-MIR-106A-5P 0.86 0.87 0.85 0.87 0.93 0.90 0.69

HSA-MIR-106B-3P 0.75 0.78 0.70 0.78 0.85 0.81 0.45

HSA-MIR-106B-5P 0.89 0.96 0.75 0.96 0.91 0.93 0.73

HSA-MIR-107 0.71 0.76 0.60 0.76 0.83 0.78 0.32

HSA-MIR-10B-3P 0.88 0.93 0.75 0.93 0.90 0.91 0.70

HSA-MIR-10B-5P 0.82 0.87 0.70 0.87 0.87 0.87 0.57

HSA-MIR-1207-5P 0.66 0.76 0.45 0.76 0.76 0.75 0.21

HSA-MIR-122-5P 0.54 0.67 0.25 0.67 0.67 0.66 -0.09

HSA-MIR-1236-3P 0.75 0.80 0.65 0.80 0.84 0.82 0.43

HSA-MIR-124-3P 0.92 0.91 0.95 0.91 0.98 0.94 0.83

HSA-MIR-1245A 0.71 0.71 0.70 0.71 0.84 0.75 0.39

HSA-MIR-1247-5P 0.89 0.91 0.85 0.91 0.94 0.92 0.76

HSA-MIR-125A-3P 0.75 0.82 0.60 0.82 0.82 0.82 0.43

HSA-MIR-125A-5P 0.88 0.87 0.90 0.87 0.95 0.91 0.73

HSA-MIR-125B-5P 0.85 0.82 0.90 0.82 0.96 0.88 0.67

HSA-MIR-126-3P 0.91 0.93 0.85 0.93 0.94 0.93 0.79

HSA-MIR-126-5P 0.78 0.80 0.75 0.80 0.88 0.83 0.53

HSA-MIR-127-3P 0.75 0.78 0.70 0.78 0.86 0.81 0.45

HSA-MIR-128-3P 0.89 0.91 0.85 0.91 0.94 0.92 0.75

Sena B. Yengec-
Tasdemir
AGU University

Jens Allmer
Professor for Medical Informatics and 
Bioinformatics at Hochschule Ruhr West 
University of Applied Sciences

Burcu Bakir-Gungor
Assisitan Professot
Department of Computer 
Engineering
Abdullah Gul University 



Different methods for Performing Biological Grouping

Group genes based on biological knowledge. The 
genes that have similar functions are correlated.  
Use clustering methods such as K-Means.

Group genes based on other Biological Database such as  
KEGG-PATHWASY, Gene Ontology , mirTarBase(microRNA) 
, Diseases,…

Group genes based on two or more omics data 
such as mRNA and miRNA expressions 

SVM-RCE
SVM-RCE-R
SVM-RNE

maTE
CogNet
PredDisGeNetML
GeNetOntology
GeNetKEGG
miRNADisNet

miRcorrnet

miRModuleNet

MicroBiomeNet
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Domain Knowledge Based Feature Selection

 

Compute cluster significance by SVM and assign a 

score as mean accuracy of f-folds repeated r times 

Cluster by K-means the pool S of genes into n 

clusters 

Remove clusters of genes with low scores. 

Merge surviving genes into one pool S 

 

Cluster 1 Cluster 2 Cluster n 

Cluster step 

SVM scoring step 

RCE step 

Is n less than the 

desired number 

of clusters m? 

n= n – 

n*d 

NO 

STOP 

YES 

 Training Set (90% of D) Test Set (10% of D) 

Evaluate classification 

accuracy using the pool 

genes S 

Input samples data D 

 represented by S genes 

 

Test 

SVM-RCE
2007

SVM-RNE
2009

RCE-EC
2017

maTE
2019

Update version
SVM-RCE-R based Ranks 
Function
2020



Domain Knowledge Based Feature Selection

CogNet
2020

miRcorrNet
2020



Recursive Cluster Elimination (RCE)

Data

Cluster the genes

Kmeans, correlated gene clusters

Eliminate least 

significant clusters

Cluster Performance

SVM (f-folds,r times)

0.9 0.920.7 0.2

Malik Yousef, Louise C. Showe and Michael K. Showe, 

Recursive Cluster Elimination (RCE) for Classification and Feature Selection from Gene 

Expression Data. 

BMC Bioinformatics  8:144 (2007)  [Highly Accessed]

 

Compute cluster significance by SVM and assign a 

score as mean accuracy of f-folds repeated r times 

Cluster by K-means the pool S of genes into n 

clusters 

Remove clusters of genes with low scores. 

Merge surviving genes into one pool S 

 

Cluster 1 Cluster 2 Cluster n 

Cluster step 

SVM scoring step 

RCE step 

Is n less than the 

desired number 

of clusters m? 

n= n – 

n*d 

NO 

STOP 

YES 

 Training Set (90% of D) Test Set (10% of D) 

Evaluate classification 

accuracy using the pool 

genes S 

Input samples data D 

 represented by S genes 

 

Test 

0.8

G()-
How to 

group the 
Genes?

R()



Output of SVM-RCE

#Clusters
#Genes 
(Mean)

Accuracy 
(Mean)

Sensitivit
y (Mean)

Specifity 
(Mean)

Recall 
(Mean)

Precision 
(Mean)

F-measure 
(Mean)

Area 
Under 
Curve 
(Mean)

Cohen's 
kappa 
(Mean)

90 978.5 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

72 955.8 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

54 929.7 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

35 910.7 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

18 857.3 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

13 814.7 0.94 0.94 0.95 0.94 0.98 0.96 0.97 0.87

12 775.6 0.94 0.94 0.95 0.94 0.98 0.96 0.97 0.87

11 739.3 0.94 0.93 0.94 0.93 0.98 0.95 0.97 0.85

10 707.5 0.95 0.95 0.95 0.95 0.98 0.96 0.98 0.88

9 662.5 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

8 619.7 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

7 518.0 0.94 0.93 0.94 0.93 0.98 0.95 0.98 0.85

6 483.0 0.95 0.95 0.95 0.95 0.98 0.96 0.98 0.88

5 389.8 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

4 326.2 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

3 254.4 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

2 149.3 0.94 0.94 0.95 0.94 0.98 0.96 0.98 0.87

1 80.0 0.94 0.94 0.95 0.94 0.98 0.96 0.96 0.87

Gene #Frequence Score
THPO 787 4.14
ZBTB33 787 4.14
C1orf68 779 4.10
221116_at 749 3.94
LOC100130331 744 3.92
DPY19L1P1 729 3.84
LAMA4 724 3.81
LOC220077 716 3.77
TBX10 711 3.74
C10orf10 709 3.73
KLHL4 704 3.71
SLC16A6 698 3.67
RIPK4 696 3.66
TIMP4 693 3.65
PPP1R3A 692 3.64
FAIM2 691 3.64
MSC 686 3.61
MUC4 685 3.61
RGS1 682 3.59
ZNF343 678 3.57
KIAA1661 674 3.55
ZNF718 671 3.53
PLA2G5 664 3.49
EZR 663 3.49

SLC7A8 663 3.49
ZBTB14 661 3.48
RASAL1 655 3.45
FBLN1 647 3.41



Comparison Results:  SVM-RCE

Malik Yousef, Louise C. Showe and Michael K. Showe, Recursive Cluster Elimination (RCE) for Classification and Feature Selection from Gene Expression Data. BMC Bioinformatics  8:144 (2007)  [Highly 

Accessed]



Comparison Results:  SVM-RCE

Malik Yousef, Louise C. Showe and Michael K. Showe, Recursive Cluster Elimination (RCE) for Classification and Feature Selection from Gene Expression Data. BMC Bioinformatics  8:144 (2007)  

[Highly Accessed]



SVM-RCE-R - New version of SVM-RCE (2020)
Recursive Cluster Elimination based 
Rank Function (SVM-RCE-R) 
Implemented in Knime
Malik Yousef1, Burcue Bakir, Amhar Jabeer, Rehman
Qureshi2 and Louise C. Showe2 

R(W1,W2,W3,W4,W5,W6) = W1acc + W2sen+W3spe+W4xfm+W5auc+W6pres

Where the acc is the accuracy, sen is the sensitivity, spe is the specificity, fm is the
f-measurement, auc is the area under curve and pres is precision.

Ranking Algorithm - R(Xs,M,f,r)

Xs: any subset of the input gene expression data X, the features are gene 
expression values

M {m1,m2,…,mp} is a list of groups produced by k-means.

f is a scalar ( ): split into train and test data

r: repeated times (iteration)

res={} for aggregation the scores for each mi

Generate Rank for each mi, Rank(mi):
For each mi in M

smi=0;

Perform r times (here r=5) steps 1-5:

1. Perform stratified random sampling to split Xs into train Xt and test
Xv data sets according to f (here 80:20)

2. Remove all genes (features) from Xt and Xv which are not in the
group mi

3. Train classifier on Xt using SVM

4. t = Test classifier on Xv –calculate performance

5. smi = smi + t;

Score(mi)= smi /r ; Aggregate performance
res= i=1pScore(mi)

Output
Return res ( res = {Rank(m1),Rank(m2),…,Rank(mp)} )

R1 Acc=0.2 Spe=0.3 Sen= 0.4 Auc=0.1

R2 Acc=1.0 the rest are zero

R3 Auc= 1.0 the rest are zero

R4 F1=1.0, the rest are zero

R5 Spe=0.2 , Sen=0.8

R6 Spe=0.8 Sen=0.2

For example, the accuracy obtained
with R5 is significantly greater than
R4 by about 12% while reaching 4%-
6% more than the other ranks.
Interestingly we getting a 4%
improvement over the standard rank
we have been using on the old
version of SVM-RCE which was R2.
GDS2547 data reach accuracy of
~79% applying R6 while getting 63%
with R3 big difference of about 16%.
Same as before a difference of about
9% over the standard rank used on
previous version SVM-RCE. However,
GDS5037 the max performance
obtained with the standard rank R2
reaching a difference of 16% over the
minimum values reached by R5.
Is this statistical significance? If so, 
how is this calculated? 
Confidence intervals



SVM-RCE-R - New version of SVM-RCE (2020)
Recursive Cluster Elimination based 
Rank Function (SVM-RCE-R) 
Implemented in Knime
Malik Yousef1, Burcue Bakir, Amhar Jabeer, Rehman
Qureshi2 and Louise C. Showe2 

R(W1,W2,W3,W4,W5,W6) = W1acc + W2sen+W3spe+W4xfm+W5auc+W6pres

Where the acc is the accuracy, sen is the sensitivity, spe is the specificity, fm is the
f-measurement, auc is the area under curve and pres is precision.

Ranking Algorithm - R(Xs,M,f,r)

Xs: any subset of the input gene expression data X, the features are gene 
expression values

M {m1,m2,…,mp} is a list of groups produced by k-means.

f is a scalar ( ): split into train and test data

r: repeated times (iteration)

res={} for aggregation the scores for each mi

Generate Rank for each mi, Rank(mi):
For each mi in M

smi=0;

Perform r times (here r=5) steps 1-5:

1. Perform stratified random sampling to split Xs into train Xt and test
Xv data sets according to f (here 80:20)

2. Remove all genes (features) from Xt and Xv which are not in the
group mi

3. Train classifier on Xt using SVM

4. t = Test classifier on Xv –calculate performance

5. smi = smi + t;

Score(mi)= smi /r ; Aggregate performance
res= i=1pScore(mi)

Output
Return res ( res = {Rank(m1),Rank(m2),…,Rank(mp)} )

R1 Acc=0.2 Spe=0.3 Sen= 0.4 Auc=0.1

R2 Acc=1.0 the rest are zero

R3 Auc= 1.0 the rest are zero

R4 F1=1.0, the rest are zero

R5 Spe=0.2 , Sen=0.8

R6 Spe=0.8 Sen=0.2

For example, the accuracy obtained
with R5 is significantly greater than
R4 by about 12% while reaching 4%-
6% more than the other ranks.
Interestingly we getting a 4%
improvement over the standard rank
we have been using on the old
version of SVM-RCE which was R2.
GDS2547 data reach accuracy of
~79% applying R6 while getting 63%
with R3 big difference of about 16%.
Same as before a difference of about
9% over the standard rank used on
previous version SVM-RCE. However,
GDS5037 the max performance
obtained with the standard rank R2
reaching a difference of 16% over the
minimum values reached by R5.
Is this statistical significance? If so, 
how is this calculated? 
Confidence intervals

SubmittedNext: SVM-RCE Optimal Rank 
Parameters

Developing some hyper-
parameter optimization 

methods (such as Bayesian) to 
select the weights of the rank 

function.
Yousef M., Jabeer A., Bakir-Gungor B. (2021) SVM-RCE-R-OPT: Optimization of Scoring Function 
for SVM-RCE-R. In: Kotsis G. et al. (eds) Database and Expert Systems Applications - DEXA 2021 
Workshops. DEXA 2021. Communications in Computer and Information Science, vol 1479. 
Springer, Cham. https://doi.org/10.1007/978-3-030-87101-7_21



SVM-RCE -> Future Work….?

2019 - We have 
developed maTE and 

still way to go….

2009

Malik Yousef, Louise C. Showe and Michael K. Showe, Recursive Cluster Elimination (RCE) for Classification and Feature Selection from Gene Expression Data. BMC Bioinformatics  8:144 (2007)



SVM-RNE based GXNA - Gene Expression Network Analysis

• GXNA is uses gene expression 
data set and prior biological 
interaction network, it suggests 
differentially expressed pathways 
or gene sub networks.

• GXNA uses statistical method for 
scoring sub-networks while a 
search algorithm is used to 
determine the sub-networks with 
high score.

*Nacu, S., et al., Gene expression network analysis and applications to immunology.
Bioinformatics, 2007. 23(7): p. 850-858.

Data

Cluster the genes

Using GXNA

Eliminate least 

significant Network

Network Performance

SVM (f-folds,r times)

0.9 0.920.7 0.2

G()-
How to 
group 

the 
Genes?

Malik Yousef, Mohamed Ketany, Larry Manevitz , Louise C Showe, Michael  K. 
Showe ,  (2009). Classification and biomarker identification using gene network 
modules and support vector machines. BMC Bioinformatics, 10:337 
doi:10.1186/1471-2105-10-337

R()



Results : SVM-RNE



Selection of Significant Clusters of Genes based on Ensemble 
Clustering and Recursive Cluster Elimination (RCE)

 

Compute cluster significance by SVM and assign a 

score as mean accuracy of f-folds repeated r times 

Cluster by K-means the pool S of genes into n 

clusters 

Remove clusters of genes with low scores. 

Merge surviving genes into one pool S 

 

Cluster 1 Cluster 2 Cluster n 

Cluster step 

SVM scoring step 

RCE step 

Is n less than the 

desired number 

of clusters m? 

n= n – 

n*d 

NO 

STOP 

YES 

 Training Set (90% of D) Test Set (10% of D) 

Evaluate classification 

accuracy using the pool 

genes S 

Input samples data D 

 represented by S genes 

 

Test 

SVM-RCE SVM-RNE

Abdalla L, Khalifa W, Showe LC, Yousef M (2017) Selection of Significant Clusters of Genes Based on Ensemble 
Clustering and Recursive Cluster Elimination (RCE). J Proteomics Bioinform 10:186-192. doi: 10.4172/jpb.1000439

G()- uses 
Ensemble 
Clustering



maTE: Discovering Expressed MicroRNA - Target Interactions

Gene

Expression MicroRNA

Grouping

Machine

Learning MicroRNA

Expression

MiRNA Impact

on Gene Expression

The aim of the study was to explain

differential gene expression (DGE)

via microRNA regulation.

Machine learning was used to

determine a set of miRNAs

potentially responsible for DGE. For

one dataset miRNA expression was

measured and it was used to validate

the results.

In the future miRNA expression will

be added to the puzzle. Other pieces

such as differenial protein expression

will be evaluated in the future.
Malik Yousef, Loai Abddallah, Jens Allmer, maTE: Discovering Expressed MicroRNA - Target Interactions, Bioinformatics, , btz204, 
https://doi.org/10.1093/bioinformatics/btz204



maTE workflow
Let G() be a function 

grouping genes into 

clusters. Here g() can 

be any algorithm 

which groups genes

MicroRNA Target Genes List

HSA-LET-7A-3P CCND1, CCND2, E2F2

HSA-LET-7D-5P HMGA2, APP, DICER1, SLC11A2, IL13, 

MPL, AGO1, TNFRSF10B, COL3A1

HSA-MIR-103A-2-5P PDCD10

HSA-MIR-129-2-3P SOX4, UBE2F, CCP110, BCL2L2, MYC, 

CDK6

HSA-MIR-140-5P HDAC4, VEGFA, PDGFRA, DNMT1, 

DNPEP, SOX2, OSTM1, FGF9, TGFBR1, 

ALDH1A1, SOX9, IGF1R, FZD6, RALA, 

PAX6, HDAC7, LAMC1, ADA, MMD, 

PIN1, STAT1, GALC, HMGN5, SOX4, 

FGFRL1, SMURF1

HSA-MIR-638 OSCP1, SP2, SOX2, CDK2, STARD10, 

PLD1, PTEN

HSA-MIR-944 S100PBP, HECW2

Malik Yousef, Loai Abddallah, Jens Allmer, maTE: Discovering Expressed MicroRNA - Target 
Interactions, Bioinformatics, , btz204, https://doi.org/10.1093/bioinformatics/btz204



maTE workflow
Implementation of  maTE using the data analytics platform KNIME



maTE workflow(new version)



maTE workflow(new version)

Creat Groups->Rank->Test



maTE Algorithm



maTE : Knime WorkFlow



Output of maTE

#Groups
#Genes 
(Mean)

Accuracy 
(Mean)

Sensitivit
y (Mean)

Specifity
(Mean)

F-measure 
(Mean)

Area 
Under 
Curve 
(Mean)

Recall 
(Mean)

Precision 
(Mean)

Cohen's 
kappa 
(Mean)

10 24.7 0.97 0.96 1.00 0.98 0.98 0.96 1.00 0.95

9 22.9 0.97 0.98 0.95 0.98 0.97 0.98 0.98 0.93

8 20.8 0.99 0.98 1.00 0.99 0.98 0.98 1.00 0.97

7 18.2 0.96 0.96 0.95 0.97 0.95 0.96 0.98 0.90

6 16.5 0.94 0.94 0.95 0.96 0.96 0.94 0.98 0.88

5 14.5 0.94 0.94 0.95 0.96 0.95 0.94 0.98 0.88

4 12 0.96 0.94 1.00 0.96 0.98 0.94 1.00 0.92

3 9.7 0.96 0.96 0.95 0.97 0.96 0.96 0.98 0.90

2 7.5 0.94 0.94 0.95 0.95 0.96 0.94 0.98 0.87

1 3.8 0.90 0.90 0.90 0.92 0.94 0.90 0.96 0.77

Group #Frequency Score

HSA-MIR-145-5P 35 3.5

HSA-MIR-195-5P 21 2.1

HSA-MIR-199A-5P 21 2.1

HSA-MIR-372-3P 21 2.1

HSA-MIR-27B-3P 19 1.9

HSA-MIR-101-3P 17 1.7

HSA-MIR-199A-3P 17 1.7

HSA-MIR-144-3P 16 1.6

HSA-LET-7B-5P 15 1.5

HSA-LET-7A-5P 14 1.4

HSA-MIR-126-3P 12 1.2

HSA-MIR-23A-3P 12 1.2

HSA-MIR-34A-5P 11 1.1

HSA-MIR-105-5P 10 1

HSA-MIR-124-3P 10 1

HSA-MIR-139-3P 10 1

HSA-MIR-146B-5P 10 1

HSA-MIR-210-3P 10 1

HSA-MIR-495-3P 10 1

HSA-MIR-630 10 1

Gene #Freq Score

VEGFA 84 8.4

EZH2 63 6.3

SOX9 45 4.5

FZD7 39 3.9

UHRF1 36 3.6

WEE1 34 3.4

TUG1 33 3.3

APOE 32 3.2

LDHA 32 3.2

CD44 26 2.6

COL4A2 26 2.6

CD40 25 2.5

RHOC 24 2.4

ANGPT2 22 2.2

ILK 22 2.2

ZEB1 22 2.2

ARHGAP12 21 2.1

EIF4EBP1 21 2.1

ELN 21 2.1

STAT1 20 2

IGFBP2 19 1.9

PRRX1 19 1.9

SWAP70 19 1.9

ELAVL1 18 1.8

AKT1 17 1.7

VIM 17 1.7

ALDH5A1 16 1.6

COL4A1 16 1.6

CXCR4 16 1.6

FAS 16 1.6



Results

Malik Yousef, Loai Abddallah, Jens Allmer, maTE: Discovering Expressed MicroRNA - Target Interactions, Bioinformatics, , btz204, 
https://doi.org/10.1093/bioinformatics/btz204



CogNet
Classification of Gene Expression Data based 

on ranked Active-Subnetwork-Oriented KEGG 

Pathway Enrichment Analysis
Malik Yousef1,2, Ege Ülgen3 and Osman Ugur Sezerman3

1Department of   Information Systems, Zefat Academic College, Zefat, 13206, Israel.
2Galilee Digital Health Research Center (GDH), Zefat Academic College, Israel
3Department of Biostatistics and Medical Informatics,
School of Medicine, Acibadem Mehmet Ali Aydinlar University, Istanbul, Turkey

Active-subnetwork-oriented KEGG 
pathway enrichment analysis of the 
proteins 

pathfindR

E. Ulgen, O. Ozisik, and O. U. Sezerman, “PathfindR: An R package for 
comprehensive identification of enriched pathways in omics data through 
active subnetworks,” Front. Genet., 2019, doi: 10.3389/fgene.2019.00858.

Department of Biostatistics and 
Medical Informatics
Faculty of Medicine, Acibadem
University



G()-Grouping Function

Data X = Two class 
gene expression 

data with n genes
g1,g2,…,gn

G()- Grouping Component: 
Create a list of groups that each group contains 
its set of genes  
G(g1,g2,…,gn) ={grp1,grp2,…,grpm}

R()- Ranking Component : 
Ranking each group grpi by their ability of separating 
the two classes.
Ranking Function: Use machine learning algorithm 
with cross validation  repeated r times. The rank is 
the average value  

Build classifier from 
the top j groups

Testing data 

Training data

Applying 
the model

The Generic Approach 

For example, Mootha et al. (2003) showed that the 
oxidative phosphorylation genes are significantly associated 
with diabetes as a group, while none of the genes in the 
pathway showed significant change individually

Integrating Biological Knowledge with Gene Expression 
Profiles for Survival Prediction of Cancer
Xi Chen  and Lily Wang

With pathfindR, our aim was 
likewise to exploit interaction 
information to extract the 
most relevant pathways. We 
aimed to combine together 
active subnetwork search 
and pathway enrichment 
analysis



Output of CogNet

#Groups
#Genes 
(Mean)

Accuracy 
(Mean)

Sensitivit
y (Mean)

Specifity
(Mean)

F-
measure 
(Mean)

Area 
Under 
Curve 
(Mean)

Recall 
(Mean)

Precision 
(Mean)

Cohen's 
kappa 
(Mean)

10 123 0.97 0.98 0.95 0.98 1.00 0.98 0.98 0.93

9 110.3 0.97 0.98 0.95 0.98 0.99 0.98 0.98 0.93

8 100.5 0.97 0.98 0.95 0.98 0.99 0.98 0.98 0.93

7 88.5 0.99 0.98 1.00 0.99 0.99 0.98 1.00 0.97

6 75.5 0.97 0.98 0.95 0.98 0.98 0.98 0.98 0.93

5 68.1 0.96 0.98 0.90 0.97 0.99 0.98 0.97 0.89

4 51.7 0.97 0.98 0.95 0.98 0.98 0.98 0.98 0.93

3 39.1 0.97 0.98 0.95 0.98 0.98 0.98 0.98 0.93

2 25.5 0.97 0.98 0.95 0.98 0.98 0.98 0.98 0.93

1 12.4 0.96 0.98 0.90 0.97 0.99 0.98 0.97 0.89

Gene #Freq Score
TP53 33 3.3
PLD1 31 3.1
TCF7L2 31 3.1

EGFR 30 3

EGFR 30 3

EGFR 29 2.9

EGFR 27 2.7
TP53 27 2.7
VEGFA 27 2.7

VEGFA 27 2.7
EGFR 26 2.6

FYN 26 2.6

AGPAT5 25 2.5
ARAP3 25 2.5
FYN 25 2.5
NRAS 24 2.4

TCF7L2 24 2.4
TCF7L2 24 2.4
TCF7L2 24 2.4
ZEB1 23 2.3

KEGG #Freq Score
hsa05163 35 3.5
hsa04072 33 3.3
hsa05224 29 2.9

hsa05215 22 2.2

hsa05213 20 2

hsa04510 19 1.9

hsa04934 19 1.9
hsa05206 19 1.9
hsa05210 19 1.9

hsa05231 19 1.9
hsa04066 17 1.7

hsa04144 17 1.7

hsa04520 17 1.7
hsa04310 16 1.6
hsa04550 14 1.4
hsa05165 14 1.4

hsa04014 13 1.3
hsa04015 13 1.3
hsa05226 13 1.3
hsa04540 12 1.2



CogNet

Figure presents the average of all AUC results 

over the 13 datasets on the 10 clusters/groups, 

for each tool (Avg AUC bar), while the 

Avg#Genes bar represent the average of the 

number of genes over the 13 datasets on the 10 

clusters/groups. 

o We have considered 13 gene 
expression data sets to test CogNet and 
for comparison with SVM-RCE and 
maTE

o For each tool other than SVM-RCE, we 
have obtained the performance over 
the top 1-10 groups that were ranked 
by the Ranking R() stage

o The purpose of the comparison is not 
to prove a higher performance, even 
though it outperform maTE and gets 
similar performance to SVM-RCE while 
with advantage of using a very less 
number of genes than SVM-RCE.



CogNet- Validation of the Results 

• We have conducted further analysis using the datasets 
(GSE15573, GSE4107 and GSE55945).

• We have run the CogNet tool on those three datasets 
obtaining the performance on top significant pathways.

• For each dataset, the top 10 groups (pathways) identified by 
CogNet were manually examined in the literature for a 
possible association with the disease under study.

• Literature support for the top 10 pathways per each dataset 
are presented in next slide.



CogNet- Validation of the Results 

For GSE15573, the rheumatoid arthritis 
dataset, 4 out the top 10 pathways were 
found to be supported by literature to be 
associated with rheumatoid arthritis 
biology. 
For GSE4107, comparing colorectal 
cancer patients to healthy controls, 5 out 
of the top 10 pathways were supported 
by literature to be associated with 
colorectal cancer.
Finally, for GSE55945, the dataset 
comparing human prostate benign and 
malignant tissue, 6 out of the top 10 
pathways were found to be associated 
with prostate cancer.



miRcorrNet

Integrated microRNA Gene 
Expression and mRNA 
Expression Based Machine 
Learning combined with 
Features Grouping 
and Ranking
Malik Yousef1,2, Gokhan Goy3, Ramkrishna
Mitra4, Christine M. Eischen4, and Burcu
Bakir-Gungor3

1 Department of   Information Systems, Zefat Academic 
College, Zefat, 13206, Israel. 
2 Galilee Digital Health Research Center (GDH), Zefat
Academic College, Israel
3 Department of Computer Engineering, Abdullah Gül
University, Kayseri, 38090, Turkey
4Thomas Jefferson University

Ramkrishna Mitra, Christine M. Eischen 
from Thomas Jefferosn Univeristy has 
contoributed to  the Biological 
Interpretation of the Results

Gokhan Goy
PhD Student

Yousef M, Goy G, Mitra R, Eischen CM, Jabeer A, Bakir-Gungor B. miRcorrNet: 

machine learning-based integration of miRNA and mRNA expression profiles, 

combined with feature grouping and ranking. PeerJ. 2021 May 19;9:e11458. doi: 
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Output of miRcorrNet

#Group
#Genes 
(Mean)

Accuracy 
(Mean)

Sensitivit
y (Mean)

Specifity
(Mean)

F-
measure 
(Mean)

Area 
Under 
Curve 
(Mean)

Recall 
(Mean)

Precision 
(Mean)

Cohen's 
kappa 
(Mean)

10 66.0 0.96 1.00 0.94 0.95 1.00 1.00 0.90 0.92

9 60.8 0.98 0.98 0.98 0.97 1.00 0.98 0.97 0.96

8 56.8 0.98 0.97 0.99 0.97 1.00 0.97 0.97 0.96

7 56.1 0.98 0.95 0.99 0.96 1.00 0.95 0.99 0.95

6 54.6 0.97 0.94 0.99 0.96 1.00 0.94 0.98 0.94

5 44.0 0.97 0.96 0.98 0.96 1.00 0.96 0.97 0.94

4 43.7 0.98 0.95 0.99 0.97 0.99 0.95 0.99 0.95

3 37.7 0.98 0.97 0.98 0.97 1.00 0.97 0.97 0.95

2 36.0 0.98 0.96 0.99 0.97 1.00 0.96 0.98 0.95

1 26.0 0.98 0.96 0.99 0.97 1.00 0.96 0.98 0.95

miRNA p-value(Score) Targets #genes

hsa-miR-21-5p 0.000000

MME,FIGF,F8,IL33,MAB21L1,LOC572558,TGFBR2,RB
MS3,MYCT1,CCDC46,TEF,ANXA1,HLF,DST,ADAMTS5,L
HFP,CDC14C,LDB2,TXNIP,ABCA10,FMO2,PLSCR4,PDE
2A 23

hsa-miR-10b-5p 0.000053 H2AFY,PYGO2,CCT3 3
hsa-miR-200c-3p 1.000000 CCDC46,LHFP,ERG 3
hsa-let-7c 1.000000 TIMM17A,NUSAP1,H2AFY 3

Gene p-value(Score)

FIGF 9.71496E-50
NR3C1 4.73611E-46
F8 1.13558E-43
MME 1.8344E-37

NKAPL 2.53738E-28
LOC572558 1.26865E-22
CXORF36 3.03815E-22
MAB21L1 9.4826E-21
HLF 6.19181E-18

RBMS3 1.16879E-17
ADAMTS5 8.69323E-16
C18ORF34 3.96603E-15
TEF 3.54006E-14
KANK1 1.10046E-12

CDC14B 1.44556E-12
CHL1 3.4941E-12

CD34 1.0216E-11
SHE 1.85052E-11
IGSF10 3.63798E-11

DST 1.36597E-10

RobustRankAggreg R package developed  by (Kolde et al., 2012) 



miRcorrNet
Method #Genes ACC Sen Spe AUC

maTE 7.48 0.96 0.94 0.96 0.98

miRcorrNet 141.1 0.96 0.94 0.97 0.98

svm-rfe 8 0.84 0.85 0.85 0.91

svm-rfe 125 0.96 0.97 0.95 0.98

miRcorrNet Performance

BLCA BRCA KICH KIRC KIRP LUAD LUSC PRAD STAD THCA UCEC

#Grp AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC AUC

10 0.98 1.00 1.00 0.99 1.00 1.00 1.00 0.95 0.96 1.00 0.99

7 0.98 1.00 1.00 0.99 1.00 1.00 1.00 0.95 0.98 1.00 0.99

5 0.99 1.00 1.00 0.99 1.00 1.00 1.00 0.96 0.97 1.00 0.99

2 0.97 1.00 1.00 0.99 1.00 1.00 1.00 0.96 0.98 1.00 0.99

1 0.97 0.99 1.00 0.99 1.00 1.00 1.00 0.95 0.93 0.99 0.99



miRcorrNet prioritizes pan-cancer regulating miRNA
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miRcorrNet prioritizes pan-cancer regulating miRNA

More than 2500 miRNAs are available. Among there miRNAs, miRcorrNet

prioritized only a few (13~92, median=3) as a critical for each specific cancer 

type.

A) Eleven miRNAs, potentially regulate 6 or more cancer types, are highlighted.

B) Ranks of these 11 miRNAs in individual cancer types are denoted by dots. 

These miRNAs are sorted based on their median rank.

miR-21-5p 
associated with 9 
cancer types

miR-21-5p was not only associated 

with the highest number of cancer 

types, but is also regarded as one of 

the top ranked miRNAs 

consistently across the cancer types 

miR-21-5p is a well-known onco-

miRNA whose elevated expression is 

linked with suppression of tumor

suppressor genes associated with 

proliferation and apoptosis across 

numerous cancer types

(Bandyopadhyay et al., 2010; Feng & 

Tsao, 2016).

https://www.zotero.org/google-docs/?YRCpOU


Validation of miRNA-Disease Relations

miRcorrNet Findings miRNA – Disease Relationship Databases

• To be able to validate our miRNA-Disease relationships we looked for the databases
we found in the literature. As a result we saw that our findings are robust.

dbDEMC

miR2Disease

miRcancer

PhenomiR

HMDD

oncomiRDB



Validation of miRNA-Disease Relations
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GeNetOntology: Gene Expression based Ontology Grouping and 
Ranking
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GeNetOntology



Gene Ontology Data

Subset of Gene Ontology #Gene Sets

Biological Process 7573

Molecular Functions 1001

Cellular Component 1697

64

Gene Set Genes

Mitochondrial Genome 
Maintenance

AKT3, PPARGC1A, POLG2, PARP1, 
DNA2, TYMP, FLCN, PRIMPOL, 
STOX1, SLC25A4, LIG3, MEF2A, 
MPV17, OPA1, MSTO1, 
SLC25A36, TOP3A, TP53, PIF1, 
SESN2, SLC25A33, MGME1, 
LONP1

Single Strand Break Repair AP002495.1, ERCC8, PARP1, 
APLF, ERCC6, SIRT1, LIG4, APTX, 
TDP1, TERF2, TNP1, XRCC1

Small Nucleolar 
Ribonucleoprotein Complex 
Assembly 

RUVBL2, PIH1D2, NUFIP1, 
SNU13, ZNHIT6, PIH1D1, SHQ1, 
TAF9, RUVBL1, NAF1, ZNHIT3

• Gene Ontology Data
• Molecular Signatures Database



Results

#Groups #Genes (Mean) Accuracy (Mean) Sensitivity (Mean) Specificity (Mean) Area Under Curve 
(Mean)

10 107.1 0.96 0.98 0.90 0.99

9 100 0.96 0.96 0.95 0.99

8 85.9 0.93 0.96 0.85 0.99

7 68.3 0.94 0.96 0.90 0.99

6 55.8 0.94 0.96 0.90 0.99

5 44.7 0.96 0.96 0.95 0.99

4 36 0.93 0.94 0.90 0.98

3 29.8 0.91 0.94 0.85 0.98

2 21.8 0.90 0.92 0.85 0.97

1 12.3 0.87 0.90 0.80 0.95
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Results for GDS1962 and Molecular Function

Robust Rank Aggregation

Gene p-value(Score)

LPL 0.000116606

PON2 0.000361272

BCHE 0.000378668

DNAJB1 0.000382702

CNN3 0.000539879

CXCR4 0.000553584

RAB3B 0.000643896

GTSE1 0.000683143

MYD88 0.000778579

GBP1 0.001069778
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Cluster
p-value 
(Score) Genes #genes

GO_VITAMIN_D_BINDI
NG 0.08 IRX5,CYP2R1,GC,VDR,CALB1,S100G,KL 7

GO_HYDRO_LYASE_AC
TIVITY 0.08

CBSL,HTD2,CA5B,L3HYPDH,PARK7,UROC1,FAHD2B,E
CI1,ECHS1,EHHADH,HACD2,ENO1,ENO2,ENO3,ALAD
,FASN,FH,TGDS,CA14,GMDS,CYP2S1,HADHA,HADHB
,HSD17B4,CA5BP1,IREB2,CA13,ENO4,HACD4,ACO1,
ACO2,PCBD1,FAHD2A,APIP,HACD3,AUH,ECHDC2,EN
OSF1,NAXD,ECHDC1,CA10,UROS,CA1,CA2,CA3,CA4,
CA5A,CA6,CA7,CA8,CA9,CA11,CA12,ECHDC3,DGLUC
Y,PCBD2,CBS,HACD1,CDYL 59

GO_CARBON_OXYGEN
_LYASE_ACTIVITY 0.08

CBSL,POLQ,HTD2,CA5B,L3HYPDH,PARK7,UROC1,FA
HD2B,ECI1,ECHS1,EHHADH,HACD2,ENO1,ENO2,ENO
3,ALAD,FASN,FH,TGDS,CA14,NEIL2,XRCC6,POLL,GM
DS,CYP2S1,HADHA,HADHB,HSD17B4,CA5BP1,IREB2,
CA13,ENO4,HACD4,ACO1,NTHL1,OGG1,ACO2,PCBD
1,FAHD2A,APIP,HACD3,AUH,NEIL3,ECHDC2,ENOSF1,
NAXD,ECHDC1,CA10,PTS,RPS3,ETNPPL,TPI1,UROS,X
RCC5,CA1,CA2,CA3,CA4,CA5A,CA6,CA7,CA8,CA9,CA
11,CA12,NEIL1,ECHDC3,DGLUCY,HMGA2,PCBD2,CBS
,ALKBH1,HACD1,CDYL 74

Robust Rank Aggregation
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GeNetOntology Results

Dataset maTE Our Approach

SE SP ACC #G SE SP ACC #G

GDS1962 0.96 1.00 0.98 66.00 0.97 0.96 0.96 44.00

GDS2519 0.64 0.57 0.61 62.00 0.67 0.57 0.61 168.00

GDS3268 0.78 0.71 0.74 84.00 0.77 0.63 0.71 118.00

GDS3929 0.50 0.57 0.54 26.00 0.79 0.05 0.58 28.00

GDS2547 0.87 1.00 0.83 34.00 0.72 0.76 0.74 59.00

GDS5499 0.79 0.97 0.88 90.00 0.98 0.81 0.93 62.00

GDS3646 0.42 0.63 0.53 29.00 0.93 0.26 0.73 108.00

GDS3874 0.77 0.90 0.84 52.00 0.99 0.41 0.77 167.00



PredDisGeNetML - Discover Gene Biomarkers that Associated with Disease 
utilizing Knowledge-based Machine Learning
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PredDisGeNetML - Discover Gene Biomarkers that Associated with Disease 
utilizing Knowledge-based Machine Learning

Groups BLCA BRCA KICH KIRC KIRP LUAD LUSC PRAD STAD THCA UCEC

AUC (mean)

10 0.989 0.999 1 1 1 1 0.998 0.961 0.996 0.997 0.993

9 0.985 0.999 1 1 1 1 0.999 0.964 0.997 0.998 0.992

8 0.988 0.999 1 1 1 1 0.999 0.961 0.996 0.997 0.991

7 0.988 0.999 1 1 1 1 0.998 0.961 0.996 0.997 0.993

6 0.988 0.999 1 1 1 1 0.998 0.961 0.996 0.997 0.993

5 0.983 0.999 1 1 1 0.999 0.998 0.958 0.996 0.997 0.993

4 0.986 0.999 1 1 1 0.998 0.998 0.96 0.997 0.997 0.992

3 0.984 0.999 1 1 1 0.999 0.998 0.961 0.994 0.997 0.993

2 0.981 0.999 1 1 1 0.998 0.997 0.956 0.993 0.997 0.993

1 0.97 0.998 0.99 1 0.999 0.993 0.995 0.954 0.988 0.997 0.98

#Genes

10 192.86 311.27 144.41 170 158.6 196.21 147.42 311.73 376.37 313.21 137.91

9 182.16 296.84 124.99 142 146.99 182.8 137.45 295.43 355.46 299.19 128.45

8 165.45 277.03 107.86 138 134.37 163.86 127.99 281.34 338.54 274.81 118.35

7 143.8 260.08 93.4 137 118.26 143.65 115.88 260.56 313.58 250.87 107.98

6 125.99 228.28 82.61 123 107.65 122.58 99.66 242.22 286.55 236.2 92.45

5 108.43 192.01 66.06 116 89.86 109.7 85.11 217.93 255.51 208.56 79.57

4 92.76 151.31 47.39 116 76.38 90.94 65.92 194.99 215.33 182.48 68.97

3 70.59 118.21 26.92 113 59.11 63.91 47.39 168.24 168.61 147.5 57.39

2 45.95 88.75 11.83 113 36.73 43.95 27.47 132.19 113.39 105.82 38.34

1 17.45 45.65 3.78 22 14.75 17.87 12.36 83.18 58.48 57.3 19.47



PredDisGeNetML - Discover Gene Biomarkers that Associated with Disease 
utilizing Knowledge-based Machine Learning

KIRC

Disease p-value #genes List of genes

ANAPLASTIC THYROID CARCINOMA 0.000591 22

MME(1), ROS1(1), RAP1GAP(1), 

PLAU(1), CD70(1), CD82(1)...

CARCINOMA OF BLADDER 0.001181 103

SHBG(1), SLC14A1(1), KNG1(1), 

BAX(1), HOXB5(1), TYMS(1)...

COMMON ACUTE LYMPHOBLASTIC 

LEUKEMIA 0.001772 3 KNG1(1), MME(1), BCL2(1)

DUCTAL BREAST CARCINOMA 0.002363 13

TCF21(1), AFAP1L2(1), PLG(1), 

CD82(1), PADI2(1), BCL2(1)...

GASTRIC MUCOSA-ASSOCIATED LYMPHOID 

TISSUE LYMPHOMA 0.002953 2 BCL2(1), EPCAM(1)

INTRAHEPATIC CHOLANGIOCARCINOMA 0.003544 27

SHBG(1), BAX(1), TYMS(1), 

GPC3(1), OGG1(1), ROS1(1)...

LYMPHOMA, NON-HODGKIN 0.004135 44

BAX(1), SLC23A1(1), MME(1), 

TYMS(1), RIT1(1), OGG1(1)...

MALIGNANT NEOPLASM OF COLON STAGE 

IV 0.004725 7

TYMS(1), MYCN(1), KLK6(1), 

NDRG1(1), SELE(1), ALB(1)...

NEUROECTODERMAL TUMOR, PRIMITIVE 0.005316 14

SFRP1(1), PCSK2(1), MYCN(1), 

CAPS(1), ENO2(1), MTOR(1)...

PAPILLARY THYROID CARCINOMA 0.005907 75

BAX(1), PKHD1L1(1), MME(1), 

GPC3(1), PITX2(1), ROS1(1)...

Example output file showing top 10 disease from the 
RobustRankAggreg Node, for the KIRC dataset, where #genes 
column shows the count of genes in the List of genes column, 
the disease name with its corresponding p-value.
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Our Bioinformatics Tools

https://malikyousef.com/

https://github.com/malikyousef?tab=repositories
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