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Abstract Multi-objective optimization emerged as a significant research area in
engineering studies because most of the real-world problems require optimization
with a group of objectives. The most recently developed meta-heuristics called the
teaching–learning-based optimization (TLBO) and its variant algorithms belongs to
this category. This paper provokes the importance of hybrid methodology by
illuminating this meta-heuristic over microarray datasets to attain functional
enrichments of genes in the biological process. This paper persuades a novel
automatic clustering algorithm (AutoTLBO) with a credible prospect by coalescing
automatic assignment of k value in partitioned clustering algorithms and cluster
validations into TLBO. The objectives of the algorithm were thoroughly tested over
microarray datasets. The investigation results that endorse AutoTLBO were
impeccable in obtaining optimal number of clusters, co-expressed cluster profiles,
and gene patterns. The work was further extended by inputting the AutoTLBO
algorithm outcomes into benchmarked bioinformatics tools to attain optimal gene
functional enrichment scores. The concessions from these tools indicate excellent
implications and significant results, justifying that the outcomes of AutoTLBO were
incredible. Thus, both these rendezvous investigations give a lasting impression that
AutoTLBO arises as an impending colonizer in this hybrid approach.
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1 Introduction

Evolutionary algorithms (EA) are generic meta-heuristic optimization algorithms
that use techniques inspired by nature’s evolutionary processes. EA maintains a
whole set of solutions that are optimized at the same time instead of a one single
solution. The inherent randomness of the emulated biological processes enables
them to provide good approximate solutions nevertheless. The recently emerged
nature-inspired multi-objective meta-heuristic optimization algorithms teaching–-
learning-based optimization (TLBO) [1, 2] and its variations Elitist TLBO [3, 4]
belong to this category. Both these algorithms aim to find global solutions for real-
world problem with less computational effort and high reliability. The principle idea
behind TLBO is the simulation of teaching–learning process of a traditional
classroom in to algorithmic representation with two phases called teaching and
learning. Elitist TLBO was pioneered with a major modification to eliminate the
duplicate solutions in learning phase.

Clustering is the subject of active research in several fields such as statistics,
pattern recognition, machine learning, data mining, and bioinformatics. The pur-
pose of clustering is to determine the intrinsic grouping in a set of unlabeled data,
where the objects in each group are indistinguishable under some criterion of
similarity. Clustering is used to partition a dataset into groups, so that the data
elements within a cluster are more similar to each other than data elements in
different clusters. Automatic clustering addresses the challenge of determination the
appropriate number of clusters or partitions mechanically.

Most of the existing clustering techniques, based on EA, accept the number of
classes (k) as an input instead of determining the same on the iteration. Never-
theless, in many practical situations, the appropriate number of groups in a previ-
ously unhandled dataset may be unknown or impossible to determine even
approximately. To avoid the algorithm struck in such blockage, automatic assign-
ment of (k) value by the algorithm in each run was made tangible in this work.
These automatic clusters are again endorsed with cluster validity indices (CVIs),
which combine compactness and separability for assessing the quality of clusters.
Cluster validity criteria are of three types external, internal, and relative. External
indexes require a priori data for the purposes of evaluating the results of a clustering
algorithm, whereas internal indexes do not. Internal indexes evaluate the results of a
clustering algorithm using information that involves the vectors of the datasets
themselves. The relative index evaluates the results by comparing the current
cluster structures with other clustering schemes. The CVIs that are used in this work
are rand index (RI) [5], advanced rand index (ARI) [5], Hubert index (HI) [6],
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silhouettes (SIL) [7], Davies and Bouldin (DB) [8], and Chou (CS) [9] measures,
primarily finds the best partitioning in the underlying data.

This paper impersonate k-means clustering algorithm, procedures for automatic
clustering, CVIs, visualization, and elitism techniques into TLBO. The objective of
the novel AutoTLBO algorithm was to cluster the Saccharomyces cerevisiae cat-
egorized microarray datasets, and the expected multiple outcome was to attain
optimal number of automatic clusters, mean values of CVIs, dendrograms and
cluster profiles of co-expressed genes. These outcomes are assumed as summative
assignment-I and is shown as Experiment 1 in Sect. 5. The obtained cluster profiles
of AutoTLBO are used as inputs into Bioinformatics tools FatiGO for first opinion
and database for annotation, visualization, and integrated discovery (DAVID) for
second opinion. This verification procedure is named as summative assignment-II,
primarily used to re-validate the results given by this novel AutoTLBO. Figure 1
unveils a broad road map of the proposed work in this paper. The input is fed into
the tool in such a manner that the first list holds the gene-IDs of one of the cluster
and the other list holds the gene-IDs of all the remaining clusters generated by this
novel AutoTLBO algorithm. Two-stage preprocessing is imposed on the lists by
applying statistical techniques such as Fisher exact test and duplicate elimination.
Finally, these clean lists are used in gene ontology (GO) biological process to find
the significant terms, term annotations % per list, p-value, FDRs, enrichment scores,
etc. This entire set of test results of both the tools are publicized as Experiment 2 in
Sect. 5. The re-validate techniques adopted in the tools manifest a positive sign that
the novel AutoTLBO is power-packed in obtaining optimal number of automatic
clusters and discrete gene cluster profiles. This silver lining absolutely ratify that the
novel algorithm proposed in this work can used for attaining gene functional
enrichments.

The rest of the paper is formed as follows. Section 2 exposes a basic background
to the theme concepts used by other researchers, TLBO, and its variations.

Fig. 1 Road map of AutoTLBO: a novel clustering method for gene functional enrichments
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Section 3 summarizes the general framework of the TLBO algorithm. Section 4
presents the novel algorithm formulation. Results of a comparative study are pre-
sented in Sect. 5. Finally, conclusions are provided in Sect. 6.

2 Literature Survey

One of the most recent advancements in nature-inspired population-based meta-
heuristics was the TLBO algorithm. This algorithm was initially proposed by Rao
et al. in 2011 [1]. The worthiness of TLBO was successfully proved when it was
applied over constraint real-time engineering optimization problems. In 2012, the
same set of authors Rao et al. [2] have once again proven the efficiency on con-
tinuous non-linear large-scale problems with respect to the criterion best solution,
average solution, convergence rate, and computational effort. A way to extend the
TLBO algorithm to solve specific engineering optimization problems was also
shown to the novel researchers by Rao et al. Hence, the authors of this paper
embedded the concept of automatic clustering into TLBO and proved its effec-
tiveness in clustering microarray datasets.

The methodology of this algorithm rolls between two entities teacher and lear-
ner. The outcome of the class learners is prejudiced by the teacher. Also, the
superiority of the teacher is assessed by the learner’s concert in requisites of marks
and rating. The other significant factor that persuades the teacher’s quality was the
learner’s progress among themselves by communication in the class. The same
orientation was carry forwarded in this work to automatically cluster the genes
stored in the form of microarray datasets.

The concept of elitist was introduced in to TLBO, and this modified version was
released by Rao and Patel in 2012 [3] to solve constrained problems. The objective
of this embedment was to eliminate the duplicate solutions and to get efficiency of
algorithm when common variables such as population size and number of gener-
ations were used in the commencement of the algorithm. Again in 2013, Rao and
Patel [4] pioneered elitism and common variable in TLBO to solve unconstrained
engineering problems with different benchmark functions. The authors were suc-
cessful in both [3, 4] to produce valuable results and prove the efficiency of TLBO
with elitism. The inspiration for this present work was from the aforementioned
articles [1–4], and the hopeful extensions to this work were implementing the new
methodologies stated in articles [10, 11].

The enhancement incorporated in to TLBO by Rao and Patel in 2013 [10] was to
exploit the capabilities of multiple teachers into classrooms (learners), adaptive
teaching factor, tutorial training and self motivated learning. All these character-
istics were thoroughly assessed in solving unconstrained multi-dimensional, linear,
and non-linear problems. The most up-to-date work of Rao and Waghmare was in
2014 [11] which evaluated and produced efficient results by introducing multi-
objective optimization with multiple trade-off in to TLBO over a set of the con-
straint and unconstrained functions.
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TLBO relevance to cluster analysis was shown in 2012 by Amiri [12]; this study
was accomplished by testing on quite a few numbers of datasets. Automatic clus-
tering in multi-objective optimization framework using differential evolution was
shown by Suresh et al. in 2011 [13]. The experimental result over different datasets
proves the variations of DE that are desired for doing automatic clustering. Auto-
matic clustering using genetic algorithms and generating optimality with Pareto
front is well demonstrated by the same set of authors Suresh et al. in 2009 [14].
Cluster evaluation, ranking, and validation using CVIs are effectively shown by Liu
et al. in 2005 [15]. The conceptualization toward fitting in automatic clustering into
TLBO in the paper was from [13, 14].

Satpathy et al. in 2013 [16] brought an improved version of TLBO by using
orthogonal design. This change was proved as a statistically effect method to
generate an optimal offspring in EA. In the recent past, automatic clustering in
TLBO was shown by Naik et al. in 2012 [17] using fuzzy c means. The results were
well demonstrated over artificial and real datasets. In 2014, Murthy et al. [18] used
automatic clustering in TLBO to find optimal number of clusters and shown
potential results proving the efficiency of algorithm.

The proposal toward using automatic clustering in TLBO over microarray
datasets was from the article published by Suresh et al. in 2009 [19] and Pavan et al.
in 2011 [20]. Both these articles use a test suite to compare results over the gene
datasets. The acquired optimal numbers of clusters are verified by using CVIs.

3 TLBO

TLBO algorithm is a teaching–learning methodology-motivated population-based
algorithm, proposed by Rao et al. [1–4, 10, 11] which focused around the impact of
a teacher on the after effect of learners in a class. In this optimization algorithm, the
faction of learners are assumed as population and diverged configuration of vari-
ables are treated as distinctive subjects accessible to the learners, and their result is
comparable to the fitness estimation value of this optimization issue. In the whole
population, the best solution is treated as the teacher.

Teacher phase: It is included as the first segment of TLBO, where learners gain
knowledge from the teacher. In this phase, the teacher attempts to increase the mean
value of the class room from any value mean1 to his or her echelon IA. But sensibly
it is not promising and a teacher can move the mean of the class room mean1 to any
other value mean2 which is healthier than mean1 depending on his or her compe-
tence. Considered meanj be the mean and Ii be the teacher at any iteration i. Now,
teacher Ii will try to improve the existing mean meanj toward it so the new mean
will be Ii designated as meannew, and the difference between the existing mean and
new mean is given as
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diverged meani ¼ ri meannew � TF �meanj
� � ð1Þ

where TF is the teaching factor that fixes the value of mean to be changed, and ri is
the random number in the range [0, 1], that is used to support the teaching factor.
Value of TF can either 1 or 2 which is an interrogative step, which is determined
randomly with equivalent probability as:

TF ¼ round 1þ rand 0; 1ð Þ 2� 1f g½ � ð2Þ

The teaching factor is produced arbitrarily in TLBO within the scope of 1–2, in
which 1 compares to no increase in the learning level and 2 relates to inclusive
exchange of knowledge, and intermediate values indicate the exchange of knowl-
edge. The shifting level of knowledge can be any depending on the learner
competence.

Based on diverged_mean, the existing solution is updated according to the
following expression:

anew;i ¼ aold;i þ diverged meani ð3Þ

Learner phase: It is included as the second segment of the algorithm, where
learners improve their knowledge by communication among themselves. A learner
adapts new things if the other learner has more knowledge than him. Precisely, the
learning trend of this phase is articulated as follows:

At any iteration i, consider two distinct learners ai and aj where i 6¼ j.

anew;i ¼ aold;i þ ri ai � aj
� �

if f aið Þ\f aj
� � ð4Þ

anew;i ¼ aold;i þ ri aj � ai
� �

if f aj
� �

\f aið Þ ð5Þ

3.1 Elitist TLBO Procedure

Step 1: Initialization Stage
Initialize the population (learners), design variables (numbers of subjects
offered to the learners) with random generation, threshold values, and
termination criterion.

Step 2: Elitist Teaching Phase
Select the best learners of each subject as a teacher for that subject and
calculate mean result of learners in each subject.

(a) Keep the elite solution
(b) Calculate the mean of each design variable
(c) Select the best solution
(d) Calculate the diverged_mean and modify the solutions based on best

solution
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Step 3: Elitist Teaching Phase—Update procedure amid with duplicate elimination
Evaluate the difference between current mean result and best mean result
according to Eq. (1) by utilizing the teaching factor TF

(a) If the new solution is better than the existing solution, then accept or
else keep the previous solution

(b) Select the solutions randomly and modify them by comparing with
each other

(c) Modify duplicate solution via mutation on randomly selected
dimensions of duplicate solutions before executing the next
generation

Step 4: Elitist Learners Phase
Update the learner’s knowledge with the help of teacher’s knowledge
according to Eq. (3)

(a) If the new solution is better than the existing solution, then accept or
else keep the previous solution

(b) Replace worst solution with elite solution

Step 5: Elitist Learners Phase—Update procedure amid with duplicate elimination
Update the learner’s knowledge by utilizing the knowledge of some other
learners according to Eqs. (4) and (5).

(a) Modify duplicate solution via mutation on randomly selected
dimensions of duplicate solutions before executing the next
generation

Step 6: Stoppage Criterion
Repeat the procedure from Step 2 to Step 5 till the termination criterion is
met.

(a) If termination criterion is fulfilled, then we get the final value of the
solution or else repeat from Step 2 to Step 5.

4 Automatic Clustering Using Elitist TLBO (AutoTLBO)

The proposed automatic clustering using Elitist TLBO algorithm (AutoTLBO)
follows a novel integrated approach by assimilation of elitism and cluster evaluation
implanted into TLBO algorithm. Elitism is a mechanism used in this algorithm to
preserve the best individuals from generation to generation. By this way, the
algorithm never loses the best individuals found during the optimization process. In
this algorithm, replacing the worst solutions with elite solutions is done at the end
of learner phase. In the present work, duplicate solutions are modified by mutation
on randomly selected dimensions of the duplicate solutions before executing the

Automatic Teaching–Learning-Based Optimization … 23



next generation. At the same time, the solutions are updated both in teacher phase
and learner phase. The cluster evaluation procedure adopted in this algorithm is
used to appraise the generated cluster with CVIs. The internal and external CVIs
such as RI, ARI, HI, SIL, DB, and CS are used in this algorithm as an objective
function to evaluate the cluster engendered.

4.1 AutoTLBO Algorithm

Step 1: Initialization Phase
Initialize each learner to contain Max k number of selected cluster centers
and Max k (randomly chosen) activation thresholds in [0, 1]. Let a is a
given dataset with n elements. The population a is initialized randomly.
The dataset is generated with n rows and d columns using the following
equation.

ai;jð0Þ ¼ amin
j þ randð1Þ � ðamax

j � amin
j Þ ð6Þ

where ai;j creates a population of learners or individuals. The ith learner of
the population a at current generation t with d subjects is as follows:

aiðtÞ ¼ ai;1ðtÞ; ai;2ðtÞ; . . .; ai;dðtÞ
� � ð7Þ

Step 2: Teaching Phase
Find the active cluster centers with value greater than 0.5, in each learner,
and keep it as a elite solution as mentioned in Eq. 1

Step 3: Teaching Phase—Update procedure amid with duplicate elimination
For t ¼ 1 to tmax do

(a) For each data vector ap, calculate its distance from all active cluster
centers using Euclidean distance or Euclidean metric

(b) Assign ap to nearby cluster using simple k-means algorithm
(c) Modify duplicate solution via mutation on randomly selected

dimensions of duplicate solutions before executing the next genera-
tion as described in Eqs. 2 and 3.

Step 4: Learner Phase
Evaluation of Clusters engendered with CVIs

(a) Evaluate each learner quality and find teacher, the best learner using
RI or other indices

(b) Replace worst solution with elite solution

24 R.R. Kurada et al.



Step 5: Learners Phase—Update procedure amid with duplicate elimination

(a) Update the learners according to the TLBO algorithm described in
Eqs. 4 and 5

(b) Modify duplicate solution via mutation on randomly selected
dimensions of duplicate solutions before executing the next generation

Step 6: Stoppage Criteria

(a) Repeat the procedure from Step 2 to Step 5 till the termination cri-
terion Step 6 is met.

(b) Report the final solution obtained by the globally best learner (one
yielding the highest value of the fitness function) at time t ¼ tmax.

In this experiment, Deb’s heuristic constrained handling method [21] is used to
handle the constraints. The rules are implemented at the end of the teacher phase
(Step 3) and the learner phase (Step 5). Deb’s method uses a tournament selection
operator in which two solutions are selected and compared with each other. The
following three heuristic rules are implemented on them for the selection:

• If one solution is feasible and the other is infeasible, then the feasible solution is
preferred.

• If both the solutions are feasible, then the solution having the better objective
function value is preferred.

• If both the solutions are infeasible, then the solution having the least constraint
violation is preferred.

5 Experimental Analysis

The durability of AutoTLBO algorithm is assessed by compared various sized yeast
datasets. The algorithm is implemented in MATLAB R2008a and run on a PC with
Windows as OS and a core i3 processor operating at 2.93 GHz with 4 GB of RAM.
All the results appeared in the analysis were the upshot of each dataset iterated with
AutoTLBO algorithm after 50 independent runs. The following results correspond to
the best solution attained by each algorithm, with respect to the coverage of assumed
performance measures in the algorithm. The best results are displayed in boldface.

5.1 Experiment-1

The substantiated experimental analysis of the proposed algorithm is given in
Table 1. Table 1 consolidates the results of Saccharmoyces cerevisiae categorized
yeast datasets with distinct sizes and dimensions on AutoTLBO. The optimality and
efficiency of the algorithm is estimated by 4 parameters, i.e., the core concept of
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engendering optimal automatic clusters, cluster profiles, minimum utilization of
CPU time, low percentage of error rate, and mean values of CVIs marching toward
its thresholds to justify automatic clustering accuracy.

In case of yeast238 dataset, the optimal number of automatic clusters is 4.2
which is close to assumed value, the percentage of error rate and CPU time is low.
The mean value of CVIs SIL has a high optimality value and DB has a moderate
value. This justifies that AutoTLBO can be applied for microarray datasets.

Figure 2 articulates the four cluster profiles with 39, 26, 43, and 129 respective
gene-IDs in yeast238 dataset, and Fig. 3a fortitudes to a hierarchal representation of
clustered expression profiles in yeast238 dataset as heat maps. This output exhales a
result-oriented concrete outcome to impart new momentum and energy to Auto-
TLBO for clustering microarray datasets.

The eligibility of the algorithm happens true when the dataset yeast384 is
practiced over AutoTLBO. The algorithm attains a value of 5.4 as an optimal
number of automatic clusters, with high favorable rate in ARI and DB indices’
thresholds. An important observation was that the algorithm sustains the same
minimal values both at error rate and CPU time. AutoTLBO is retrospective with
belying expectations on yeast384 by leveraging five automatic clusters profiles with
68, 131, 45, 40, and 37 respective gene sizes. Figure 3b is fortitude in representing
hierarchal cluster expression profiles on yeast384 dataset as a dendrogram. The
result on yeast384 is a piecemeal but pragmatic with a promising growth that
AutoTLBO is a landside in gene ontology with a corrective action.

Fig. 2 Cluster profiles of co-expressed genes in yeast238 dataset. a cluster 4 of yeast238—cluster
1, b cluster 4 of yeast238—cluster 2, c cluster 4 of yeast238—cluster 3, d cluster 4 of yeast238—
cluster 4
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The quality of the algorithm is inspected by applying with a huge quantity
dataset called yeast2885 with 2,885 gene-IDs and 19 dimensions. The efficiency of
algorithm is exhibited by producing a value 5.4 as an optimal number of auto
clusters, low usage of CPU time, and low percentage of error rate. Optimal
threshold values are recorded at SIL and MIM indices to highlight the competence
of clustering accuracy. Hence, this outcome launches AutoTLBO as a mere and
potential immigrant in clustering microarray datasets. The core ideology of gen-
erating the automatic cluster when entrenched over yeast2885 is visualized as
Fig. 4. This figure justifies that the five respective constellations of gene-IDs 1,422,
367, 877, 388, and 1,327 are prudent and consummated to the actual. Figure 3c is
impinged with a heat map over the fourth cluster of yeast2885. The analysis from
the heat map [22] was the data matrix holds the color information of microarray
dataset along with numeric data. The red color is evidence for higher expression
level of the gene, whereas green indicates low expression level and black indicates
the absence of expression level. The perception was so bedazzle that the heat maps
generated by AutoTLBO have higher expression level since most of the cluster is
marked in red color.

(a) (b)

(c) (d)

Fig. 3 Hierarchical expression profile of S. cerevisae categorized datasets. a cluster 4 of yeast238,
b cluster 4 of yeast384, c cluster 4 of yeast2885, d cluster 4 of yeast2946
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The investigation to estimate the capability of AutoTLBO is again protracted
with almost on the same-sized dataset yeast2946, but with 18 dimensions. The
proposed work makes its impact by producing the desired 5.6 automatic clusters
with minimum percentage of error rate. The optimal mean CVI value is quoted in
RI and HIM, proving the accuracy of automatic clusters despite the vast size of
dataset. An important observation was yeast2885 consumes approximately 600 s of
CPU time less when compared with yeast2946 dataset. The reason was the
reduction in dimension of the microarray dataset makes that difference.

Figure 5 exhibits the inclusiveness of yeast2946 with six distinct sets of gene-ID
of sizes 651, 193, 1,023, 656, and 422, respectively; also, the dispensation of fourth
cluster expression profile is laid in as Fig. 3d. Both the figures exploit the impor-
tance of the proposed auto clustering method in the field of bioinformatics and
recommends a revival strategy for the researchers to snoop into AutoTLBO.

The royalty of the work is exhibited when the algorithm is expended over the
enormous volume of microarray dataset yeast5 with 4,382 instances of genes and
25 dimensions. Despite the size of the dataset the cluster accuracy sticks to the
range of CVIs thresholds, by depicting an optimal value of 0.826 and 0.721,
respectively, at HIM and ARI. AutoTLBO had a consistent eye watch over the
percentage of error rate, but a moderate value of 44 % is recorded. The CPU time is
coherent with the size of the dataset by producing accurate number of high volume
clusters profiles. It is also noteworthy from AutoTLBO, to culminate five groups of
discrete gene-IDs of 913, 967, 976, and 1,525 with respective sizes and obtain a
tangible heat map. The hierarchical expression profile of the fourth cluster is
visualized as shown in Fig. 6.

Fig. 4 Cluster profiles of co-expressed genes in yeast3 dataset with 2,885 instances. a dataset
yeast2885—cluster 1, b dataset yeast2885—cluster 2, c dataset yeast2885—cluster 3, d dataset
yeast2885—cluster 4, e dataset yeast2885—cluster 5
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The upshots of the summative assessment-I are pragmatic by actioning all the
constraints laid in Table 1. Hence, the promising results obtained by AutoTLBO
over different-sized microarray datasets justify that the proposed work can be
adopted in the field of bioinformatics to automatically cluster the gene profiles.

Fig. 5 Cluster profiles of co-expressed genes in yeast2946 dataset. a dataset yeast2946—cluster 1,
b dataset yeast2946—cluster 2, c dataset yeast2946—cluster 3, d dataset yeast2946—cluster 4,
e dataset yeast2946—cluster 5, f dataset yeast2946—cluster 6

Fig. 6 Hierarchical
expression profile of
yeast4382 dataset in the form
of heat map
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5.2 Experiment 2

This experiment focuses mainly to attain the gene functional enrichment of the
incurred clusters of yeast datasets in Table 1 and re-validate the outcomes of
AutoTLBO in experiment 1. The outputs of experiment 1 are used as inputs to the
experiment 2. The Web-based functional annotation tools such as FatiGo [23] and
DAVID [24] are used, particularly for gene-enrichment analysis. The clustered gene-
IDs of each yeast datasets is segmented individually into two lists of genes, i.e., a
group of interest as foreground and rest of genes as background lists. These lists are
passed as inputs to the aforementioned tools for gene functional enrichment. The GO
biological process is triggered on the gene lists to obtain significant results in range
of selected level of gene ontology, gene annotations, p-value, etc. Since experiment
1 uses the yeast datasets, the genomics organism is treated as S. cerevisiae.

5.2.1 Outputs of FatiGo

Table 2 is inferred with the GO biological process applied between the levels 3–9
on all the five comparing datasets. The percentages of annotations produced by
FatiGo in list 1 and list 2 of yeast234 and yeast384 datasets are outstanding. In the
list 1 of yeast3 and yeast5, the percentage of annotations are 72 and 78.23 %,
respectively, and in the list 2 of yeast3 and yeast5, the percentage of annotations are
73.48 and 77.66 %, respectively. This indicates that FatiGo has marked a reason-
able good percentage of annotations on the list. The reason that was most looming
was of the enormous size of data. The experimental results of Yeast2946 are not
shown in this paper since the obtained results are merely equivalent to yeast2885.
The clustering accuracy of TLBO was once again proven from column 6 and 7 of
Table 2. The percentage of misclassification of the algorithm is zero in both in

Table 2 GO biological process on yeast datasets

GO biological process (levels from 3 to 9)

Dataset Total
genes

ID annotations Duplicate management Number of
significant
terms

List 1
annotations

List 2
annotations

List 1
duplicates

List 2
duplicates

Yeast1 238 109 of 113
(96.4 %)

101 of 104
(97.12 %)

16 of 129
(0.12 %)

4 of 108
(0.04 %)

75

Yeast2 384 10 of 131
(83.97 %)

155 of 190
(81.58 %)

0 of 131
(0 %)

0 of 190
(0 %)

11

Yeast3 2,885 956 of
1,327
(72 %)

1,144 of
1558
(73.48 %)

0 of
1,327
(0 %)

0 of
1,558
(0 %)

6

Yeast5 4,382 1,193 of
1,525
(78.23 %)

2,218 of
2,856
(77.66 %)

0 of
1,525
(0 %)

0 of
2,856
(0 %)

4
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yeast2885 and yeast4382 and very low in yeast238 and yeast384. The number of
significant terms quoted by FatiGo was very low, since the clusters submitted by the
algorithm were very precise. Hence, all these evidences establish AutoTLBO as a
top-drawer in associating biological phrases.

Figures 7 and 8 present the significant terms of yeast2885 and yeast4382 when
p-value is less than 0.05. The nominal p-value forecasts the significance of the
enrichment score for a single gene set.

5.2.2 Outputs of DAVID

The approach adopted in FatiGo tool is also practiced in this DAVID bioinformatics
tools. The p-value generated on the yeast dataset via this tool is much similar to the
outputs attained in FatiGo. This tool is used to judge the dataset with few more
additional parameters. The results of yeast2885 dataset in DAVID tool are shown as
Fig. 9. An optimal functional enrichment score of 0.93 is obtained for the annotation
cluster. In the preprocessing stage, the Fisher exact statistical test is used to obtain
the clean lists. Multiple comparison solutions between the list of foreground and
background gene-ID is given as the false discovery rate. The significant value of 0.1
is acceptable for screening, and a list of independent, continuous dependent, normal
gene-ID list is prepared. The Benjamini test type holds a cutoff of p-value to 0.05
and expect 0.05 genes to be significant by chance, and Bonferroni holds a cutoff of

Fig. 7 Gene functional enrichment in yeast2 dataset with 2,885 genes

Fig. 8 Gene functional enrichment in yeast2 dataset with 4,800 genes
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p-value equals to 0.05, to identify 5 % of the genes. The statistically significant
values of these parameters are shown as column 8 and 9 in Fig. 9. The list total,
population list, and population total are genes are shown as column 11 in Fig. 9.

Figure 10 displays the cluster obtained on yeast4382 with DAVID. The gene
enriched in annotation term is scored as 1.29, which is an optimal value for the
dataset of 4,382 gene-IDs. Figure visualizes the annotated clusters of yeast4382,
whose p-value is <0.05. The impressive outputs of different standard statistics for

Fig. 9 Gene functional enrichment in yeast2 dataset with 2,885 genes in DAVID Tool

Fig. 10 Gene functional enrichment in yeast2 dataset with 4,382 genes

Automatic Teaching–Learning-Based Optimization … 33



multiple comparison corrections such as Benjamini, Bonferroni, LT, PH, and PT
are given in column 8, 9, and 11 of Fig. 10.

The upshots of this summative assessment-II are indeed noteworthy. Realistic
results are achieved by the usage of bioinformatics tools because the input quality
was magnificent. Hence, this re-validation rationalizes the results produced by
AutoTLBO is superlative.

6 Conclusion

This paper articulates a novel automatic clustering algorithm using TLBO for
achieving gene functional enrichments. The results of AutoTLBO were again re-
validated using benchmarked bioinformatics tools. Both the assessments substan-
tiate that the AutoTLBO algorithm underscored in this paper has accurate credit-
ability in yielding impending outputs. Thus, the hybrid approach of using this
AutoTLBO algorithm of engineering studies in bioinformatics datasets is practical.
As this paper is classified only to S. cerevisiae organism, the future envisaged scope
of this work was to introspect AutoTLBO on the other assemblies of molecular
functions in the gene ontology biological process.
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