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Abstract—In South Africa, the proportion of patients
admitted to hospitals with Adverse Drug Reactions (ADRS)
range between 2-21.4% and between 1.7 to 25.1% of
hospital in-patients are reported to have developed ADRs in
hospitals. Drugs are therefore responsible for significant
mobility and mortality amongst people in South Africa. The
use and uptake of medicines results in ADRs due to
medicine’s toxicity and interactions with other medicines. A
large number of ADRs are preventable. This research aims
to investigate the association between Kyoto Encyclopedia of
Genes and Genomes (KEGG) biological pathways involved
in cellular response to drugs and occurrence of Adverse
Drug Reactions (ADRs). A Pearson’s Product-Moment
Correlation (PPMC) was run to assess the relationship
between the frequency of ADRs and biological pathways for
33 drugs that included 18 HIV drugs commonly called Anti-
Retrovirals (ARVs), 5 anti-tuberculosis (TB) drugs and 10
drugs frequently implicated in ADRs (DFAs) comprising of
3 opioids, 2 loop diuretics, 2 beta agonists, 2 low molecular
heparins and 1 systemic corticoid. The ratios of biological
pathways/ADRs for ARVs, TB drugs and DFAs were found
to be 0.02, 0.33 and 0.06 respectively. ARVs had on average
more ADRs (165.2243.94) compared to TB drugs
(67.60+29.17) and DFAs (160.9449.99). However, TB drugs
were linked to a comparatively larger number of KEGG
biological pathways (2249.95) compared to ARVs (3.94+
0.74) and DFAs (9.50+1.79). Further research is required to
understand the importance of these research findings
towards the development of more effective drugs
characterized by reduced prevalence of ADRs.

Index Terms—KEGG, biological pathways, ADRs, HIV, TB

I.  INTRODUCTION

Recently, significant research has been dedicated
towards understanding the involvement of biological
pathways in how cells respond to drugs. Research has
demonstrated the importance of investigating biological
processes responsible for ADRs in the development of
more effective drugs [1]. Silberberg et al., emphasized
the importance of understanding drug-induced signaling
pathways in order to fully appreciate the modes of action
and the resultant ADRs of medicinal products [2].
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Main factors play an important role in the development
ADRs, some of these are patient related, drug related or
socially related factors. Understanding the different
effects of these factors on ADRs enables healthcare
professionals to select the most appropriate medication
for an individual [3].

Adverse Drug Reactions (ADRs) are defined as a
response to a drug which is noxious and unintended, and
which occurs at doses normally used in man for the
prophylaxis, diagnosis or therapy of disease, or the
modification of physiological diagnosis [4]. ADRs are
undesirable effects, reasonably associated with the use of
the drug that may occur as part of the pharmacological
action of a drug or may be unpredictable in their
occurrence [5].

KEGG (Kyoto Encyclopedia of Genes and Genomes)
is a collection of databases dealing with genomes,
biological pathways, diseases, drugs, and chemical
substances. KEGG is utilized for bioinformatics research
and education, including data analysis in genomics,
metagenomics, metabolomics and other omics studies,
modeling and simulation in systems biology, and
translational research in drug development. The KEGG
database started in 1995 by Professor Minoru Kanehisa at
the Institute for Chemical Research, Kyoto University [6].

KEGG Pathway mapping is the process of mapping
molecular datasets, especially large-scale datasets in
genomics, transcriptomics, proteomics, and metabolomics,
to the KEGG pathway maps for biological interpretation
of higher-level systemic functions.

Biological pathways represent a series of actions
among molecules in a cell that leads to a certain product
or a change in a cell. Therefore pathways have the
potential to stimulate the assembly of new molecules,
such as a fat or protein as well as turning on and off of
genes. These biological pathways control how the body
processes drugs and the most common types of biological
pathways are metabolic, genetic and signal transduction
pathways.

In this paper, the aim is to describe the association
between ADRs and biological pathways of ARVs, TB
drugs and other drugs most frequently implicated in
causing ADRs (DFAS).
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Il. RESEARCH METHODOLOGY

A. Data Sources

To conduct the study, data from SIDER [7] was used.
SIDER presents an aggregate of dispersed public
information on drug side effects and indications.

Using SIDER™, 33 drugs and corresponding 1 448
side-effects were collected. The dataset was constructed
based on the approach in Liu et al. [8]. The 33 drugs had
the following profiles, a total of 1 448 ADRs extracted
from SIDER and a total of 121 biological pathways
extracted from DrugBank™ [9].

Despite that each drug studied had a relatively large
number of ADRs on average (43.88), the observed
biological pathways linked to each drug were
comparatively small (3.67). TB drugs, ethionamide and
pyrazinamide were associated with the largest number of
biological pathways of 49 and 42 respectively.

B. Data Analysis

A Pearson’s Product-Moment Correlation (PPMC) was
run to assess the relationship between the numbers of
ADRs and biological pathways for all the 33 drugs
studied that included 18 ARVs, 5 anti-TB drugs and 10
drugs frequently implicated in ADRs comprising 3
opioids, 2 loop diuretics, 2 beta agonists, 2 low molecular
heparins and 1 systemic corticoid.

PPMC is a measure of the correlation between sets of
data. It shows the linear relationship between two sets of
data. The formula for PPMC r is;

_ Zixy) — (Ex)(Zv)
" V= @A - -
where:
{X;...x,} in one dataset containing n values,
{y1...yn} is another dataset containing n values

Table | provides a guideline for the application of
Pearson’s correlation coefficients based on Cohen’s
(1988) conventions for the interpretation of effect size
[10].
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Number of ADRs

ADRs

Drugs

Figure 1. The ADR distribution of drugs

A close visual examination of Fig. 1 and Fig. 2, show
that Tramadol has the largest number of ADRs (553),
though it was linked to only 17 biological pathways. The
top 5 drugs linked to the largest number of ADRs, had
biological pathways ranging from 1 to 17.

Number of Pathways

KEGG Pathways
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Figure 2. The pathway distribution of drugs

A. Descriptive Statistics of ADRs and Pathways

Table Il shows that there is a wide difference in the
numbers of ADRs between the drug that had the least
number of ADRs and the one with the highest number of
ADRs. The least number of ADRs for a drug was 27,
corresponding to Terbutaline compared to Tramadol that
had the highest number of ADRs at 553. The average
number of ADRs for the 33 drugs was 149.12. The

COEFFICIENT . .
average number of biological pathways for a drug was

Strength of Coefficient, r found to be 8.36.

Association Positive Negative

iﬂmg!l 8; to 82 8; o 82 TABLE Il. DESCRIPTIVE STATISTICS OF ADRS AND BIOLOGICAL

edium 300 -0.310 0. PATHWAYS FOR ALL THE 33 DRUGS STUDIED

Large 05t01.0 -0.5t0-1.0

PPMC is one of the most widely used methods for Range | Min. | Max.|  Mean | Std.Dvn | Variance
studying relationship between inter-related variables. No. of U 1491241 1 1174
However, it has the following limitations; ADRs | °2° 553 | 149.12+18.86 | 10836 0-99

(i) Assumes a linear relationship between the variables 0 E‘O- 49 | o | a9 | 836+1.88 | 1080 | 11661

athways T ) )

even though it may not be there.

(if) A high correlation, does not necessarily mean very
close relationship between the variables.

(iif) PPMC is exceedingly affected by extreme values.

IIl.  RESULTS

Fig. 1 and Fig. 2, show the distribution of ADRs and
biological pathways respectively, associated with all the
33 drugs studied in this paper.

©2016 Int. J. Pharm. Med. Biol. Sci.

B.  Pearson’s Correlation (r): ADRs vs Pathways for
All 33 Drugs Studied

The purpose of correlation analysis is to measure and
interpret the strength of a linear relationship between two
continuous variables, namely ADRs and biological
pathways. Correlation coefficients take on values
between -1 and +1, ranging from negatively correlated (-
1) to uncorrelated (0) to positively correlated (+1).
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However, high correlation between the two variables,
does not necessarily imply causality.

The null hypothesis for the Pearson’s correlation is that
r = 0, meaning that there is no relationship between the
biological pathways and ADRs.

As shown in Table IllI, the Pearson correlation
coefficient (r) is -0.18 indicating a negative, albeit small
association between the variables.

TABLE Ill. PEARSON’S CORRELATION BETWEEN ADRS AND
BIOLOGICAL PATHWAYS FOR ALL THE 33 DRUGS STUDIED
No. of
ADRS No. of Pathways
Pearson
":%ngf correlation (r) ! -0.180
N 33 33
Pearson
ﬁ%;; correlation (r) -0.180 1
N 33

TABLE IV. T-TEST: STATISTICAL SIGNIFICANCE OF THE DIFFERENCE
BETWEEN BIOLOGICAL PATHWAYS AND ADRS OF ALL 33 DRUGS

STUDIED
Paired Differences
Std. | 95% Confidence Sig. (2
Mean | Error of Interval L L T
Mean | Lower | Upper
No. of
ADRs- | 140.8 | 19.29 101 180 | 7.3 | 32 | 0.00
Pathways

A t-test (Table 1V), was used to test whether or not the
difference between ADRs and biological pathways was
significant. For the t-test result to be significant, the
difference between biological pathways and ADRs

should not have occurred as result of an atypical sampling.

The null hypothesis for the t-test is that there is no
association between the numbers of biological pathways
and ADRs across all the 33 drugs studied in this paper.
The P-value was found to be 0.00, which is less than a =
0.05. The null hypothesis was rejected, in favor of the
alternative hypothesis that there was a significant
difference between the two variables.

C. Pearson’s Correlation (r): ADRs vs Biological
Pathways for ARVs

Table V, indicates that the average number of ADRs
for ARVs was 165.22, which was significantly higher
than the average number of ADRs for all the 33 drugs
studied in this research paper.

TABLE V. DESCRIPTIVE STATISTICS OF ARV DRUGS

N Dlrg g ADRs Pathways
Mean 165.22 3.94
Std. Error of 1757 074
Mean

Median 138 3.00
Mode 74 1
Std.Dvn. 74.54 3.15
Range 262 9
Min. 74 0
Max 336 9
Sum 2974 71
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However, a smaller number of biological pathways
was observed for ARVs (3.94) compared to all the 33
drugs (8.36). This means that the metabolism of ARVs is
linked to a comparatively smaller number of biological
pathways.

The Pearson correlation coefficient was calculated to
be 0.187 indicating a small, positive association between
the numbers of biological pathways and ADRs for ARVs
as shown in Table VI. This means that as one variable
increases, so does the other variable, albeit at a relatively
smaller rate.

TABLE VI. PEARSON CORRELATION BETWEEN BIOLOGICAL
PATHWAYS AND ADRS OoF ARVS
No. of ADRs No. Biological
Pathways
Pearson
No. of ADRs correlation 1 0.187
N 18 18
No. of Pearson 0.187 1
Biological correlation '

Pathways N 18 18

On the basis of the t-test (Table VII), the P-value was
found to be 0.00, which is less than o = 0.05, resulting in
the rejection of the null hypothesis. The difference in the
number of biological pathways and ADRs is significant at
o level of 0.05.

TABLE VII. T-TEST: STATISTICAL SIGNIFICANCE OF THE DIFFERENCE
BETWEEN THE NUMBER OF BIOLOGICAL PATHWAYS AND ADRS FOR

ARVs
Paired Differences
Std. 95% Confidence i of Sig. (2
Mean |Error of Interval tailed
Mean | Lower | Upper
No. of
ADRs- |161.28| 17.44 | 124.47 | 198.08 | 9.3 | 17 0.00
Pathways

D. Pearson’s Correlation (r): ADRs vs Biological
Pathways for TB Drugs

The average number of ADRs for the five TB drugs
studied was found to be 67.60, compared to 165 ADRS
for ARVs. ARVs had on average more ADRs compared
to TB drugs as shown in Table VIII. However, TB drugs
were found to have a significantly larger number of
biological pathways (22) compared to ARVS (3.94).

TABLE VIII. DESCRIPTIVE STATISTICS OF TB DRUGS
Drugs Biological
N 5 2 ADRs Pathv?/ays
Mean 67.60 22.00
Std',\}lzer;?]r of 29.17 9.95
Median 43.00 15.00
Mode 34 1
Std.Dvn. 65.23 22.25
Range 150 48
Min. 34 1
Max 184 49
Sum 338 110
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Table 1X, shows that the Pearson correlation TABLE XI. DESCRIPTIVE STATISTICS OF DFAS
coefficient was -0.583, indicating a large negative Drugs ADR Biological
association between the numbers of biological pathways N 10 s Pathways
and ADRs. This means that as one variable increases the Mgan s 160.90 9.50
other variable decreases. Std. Error of Mean 49.99 L.79

Median 128.50 9.50
TABLE IX. PEARSON CORRELATION BETWEEN BIOLOGICAL gﬂtgdlgvn 1528710 5266
PATHWAYS AND ADRS OF TB DRUGS . = . .
Range 526 15
No. of No. of Biological Min. 27 2
ADRs Pathways Max 553 17
No. of Pearso_n 1 0,583 Sum 1609 95
ADRS correlation
Pea’;‘son 5 5 The Pearson correlation coefficient (Table XII)
Bi’;’ﬁ)'g(i’zal correlation -0.583 1 between number of biological pathways and ADRs was
Pathways N 5 5 found to be 0.324, demonstrating a significant positive

TABLE X. T-TEST: STATISTICAL SIGNIFICANCE OF THE DIFFERENCE
BETWEEN BIOLOGICAL PATHWAYS AND ADRS OF TB DRUGS

Paired Differences
Std. | 95% Confidence Sig. (2
Mean | Error of Interval t df tailed
Mean Lower | Upper
P’:tﬁvs:;s 456 | 3589 |-54.05| 14525 | 18 | 4 | 027

On the basis of the P-value of 0.273 (Table X), which
was more than a = 0.05, the test failed to reject the null
hypothesis. Therefore, there was no evidence to suggest
the means of biological pathways and ADRs were
different at a level of 0.05. However, this does not mean
the null hypothesis is true. There are numerous reasons
for the failure to reject the null hypothesis, such as:

i.  The null hypothesis is actually true, but may also

be that,
ii. The null hypothesis is false, however there is
insufficient data to provide evidence against it.

E. Pearson’s Correlation (r): ADRs vs Biological
Pathways for Drugs Frequently Implicated in ADRs
(DFAs)

A list of drugs that are frequently implicated in ADRs
was reported during a study conducted on 12 hospital
wards (9 medical and 3 surgical) at the Royal Liverpool
University Hospital (RLUH) over a six months period
between June and December 2005 [11]. ADRs were
identified in the above study based on their inclusion in
either the Summary of Product Characteristics [12] and/or
the British National Formulary [13].

For this research, 10 drugs were selected from the
DFAs list namely 3 opioids (dihydrocodeine, morphine
and tramadol), 2 loop diuretics (furosemide and
bumetanide), 2 beta agonists (salbutamol and terbutaline),
2 low molecular agonists (dalteparin and enoxaparin) and
1 systemic corticoid (prednisolone).

The average number of ADRs for the 10 DFAs was
160.90, compared to 165 ADRs for ARVs and 67.60 for
TB drugs (Table XI). However, DFAs, were linked on
average to 9.5 biological pathways compared to 3.94 and
5 biological pathways for ARVs and TB drugs
respectively.

©2016 Int. J. Pharm. Med. Biol. Sci.

association between the two variables.

TABLE XIl. PEARSON CORRELATION BETWEEN BIOLOGICAL
PATHWAYS AND ADRS OF DFAS

No. of ADRs | No. of Pathways
Pearson
ﬁgngf correlation 1 0.324
N 10 10
Pearson
P;\:r?\./v(;f s correlation 0.324 !
Y N 10 10

IV. DISCUSSION

This research clearly demonstrates that amongst the 33
drugs studied, TB drugs had the lowest average number
of ADRs (67.60429.17) compared to ARVs
(165.22417.57) and DFAs (160.90449.99) as shown in
Fig. 3 and Fig. 4.

ADRs vs KEGG Pathways

5w e

Tenofavir
Maravirac
Salbutamol

Dihydrocodein
Prednisolon

mmmm Number of ADR: =@— Number of Pathways
Figure 3. Biological pathways and ADRs of all the drugs in the study
The mean biological pathways/ADRs ratios for ARV,

TB drugs and DFAs were 0.02, 0.33 and 0.06
respectively as shown in Fig. 4.

Average Frequency

ARVs TB drugs DFAs

m ADRs KEGG Pathways

Figure 4. Average numbers of biological pathways and ADRs of
ARVs, TB drugs and DFAs
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The Pearson’s product-moment correlation coefficients
of ADRs and KEGG biological pathways for ARVs, TB
drugs and DFAs were +0.187, -0.583 and +0.324
respectively. ARVs had on average more ADRs
(165.2243.94) compared to TB drugs (67.60%29.17).
However, TB drugs were linked to a comparatively larger
number of biological pathways (2249.95) compared to
ARVs (3.9440.74).

Further research is required to understand the
importance of these research findings towards the
development of more effective drugs characterized by
reduced prevalence of ADRs.
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