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Potential drug-drug interactions (pDDIs) are highly prevalent in chronic kidney disease (CKD) patients, owing
to the existence of various comorbidities and the large number of drugs used to treat them. This study aimed to
evaluate the number and types of pDDIs observed in the study population and to develop a prediction model based
on various risk factors. It was conducted retrospectively at a tertiary care teaching hospital and included 392 CKD
patients. Relevant patient demographics and clinical details were collected and documented in case record forms.
Using the Micromedex® Drug-Reax® System, the acquired data were screened to identify and classify pDDIs, and
Poisson regression was used to identify independent risk factors associated with the number of pDDIs. Data entry
and analysis were done using IBM Statistical Package for the Social Sciences software v20.0. A total of 2,054
interacting drug pairs were found and male gender, comorbid conditions like ischemic heart disease, hypertension,
diabetes mellitus, and congestive heart failure, a higher number of therapeutic subgroups, and drugs per prescription
were identified as independent risk factors associated with an increase in the number of pDDIs. The presence of liver
disease was the only factor that reduced the number of pDDIs. Our study identified the significant risk factors for
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pDDIs in CKD patients and developed a prediction model. This can play a significant role in the early detection of

pDDIs using prior information about the patient characteristics and attributes of various administered drugs.

INTRODUCTION

Kidneys are essential for the maintenance of
homeostasis as well as other regulatory, excretory, and endocrine
processes in our body. A decline in kidney function as seen in
chronic kidney disease (CKD) patients can, therefore, result in
several complications like hyperkalemia, hyperphosphatemia,
metabolic acidosis, volume overload, nausea, vomiting,
anorexia, anemia, osteomalacia, and malnutrition [1]. These
complications, along with the high rate of coincidence of
several diseases like hypertension, diabetes mellitus, ischemic
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heart disease, and dyslipidemia makes the pharmacotherapy
of CKD complicated, owing to multiple drug use [2]. CKD
patients are therefore highly vulnerable to potential drug-drug
interactions (pDDIs). Similarly, when numerous prescribers
are involved in treating the same patients, the number of
prescribed medicines may rise, thereby increasing the risk of
pDDIs [3,4].

Drug-drug interactions (DDIs) are usually preventable,
but, if they happen, they could lead to ineffective therapeutic
responses, significant morbidity, mortality, and serious adverse
events, which will ultimately increase the burden on the duration
of hospitalization and treatment cost [5]. Studies have shown
that around 11% of patients develop symptoms linked with
DDIs, accounting for approximately 3% of all hospitalizations
worldwide [6]. In a tertiary health facility, the incidence of
clinically significant DDIs might reach 54%, with an average of
1.7 interactions per patient [7].

© 2024 Soumyajeet Paul ef al. This is an open access article distributed under the terms of the Creative Commons Attribution 4.0 International License

(https://creativecommons.org/licenses/by/4.0/).
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With prior knowledge about the characteristics of the
administered drugs, it is now possible to predict pDDIs in a
patient using computational techniques. Though several pDDI
checking websites are available, they often do not consider
patient-specific characteristics for the prediction of pDDIs.
Whereas, in the development of pDDI prediction models,
several determining factors such as age and sex of the patient,
chemical characteristics of drugs, number of drugs used,
creatinine clearance, glomerular filtration rate (GFR), renal and
hepatic status, and presence of other diseases are considered to
obtain more accurate outcomes, specific to the study population
[8,9]. Prediction models use the characteristics of a patient to
estimate the probability of an outcome within a definite time
period and identify the best set of predictors of that particular
outcome [10]. Not much research work has been conducted
for pDDI prediction in CKD patients. Most of the previously
published literature used a logistic regression approach to
identify the risk factors associated with the occurrence of pDDIs
[5,11], whereas in this study we have developed and statistically
validated a multivariable Poisson regression model to identify
the risk factors linked to the number of pDDIs. With the vast
variability in etiology, clinical presentation, and treatment of
diseases among patients, it is more reasonable to select multiple
predictors [ 12]. Poisson regression is more appropriate to analyze
the factors associated with the number of events occurring in a
given period of time as the number of pDDIs occurring during
the period of treatment may follow a Poisson distribution.

This study could allow an early prediction and
assessment of pDDIs in a patient and assist the clinician to
choose therapeutic alternatives, make dosage adjustments, and
perform the needful interventions either by reducing the number
of drugs or reducing the frequency of administration, which
will ultimately improve the therapeutic outcome, minimize the
adverse effects, and reduce the economic burden on the patient.
It may also improve the quality of prescribing and serve as a
foundation for evidence-based medicine. The aim of this study
was to determine the number and types of pDDIs in CKD
patients and to identify the independent risk factors associated
with an increased number of pDDIs using Poisson regression
analysis to develop a prediction model.

MATERIALS AND METHODS

Study design and data collection

This retrospective observational study was carried
out at the nephrology department of a tertiary care teaching
hospital in South India. A total of 392 hospitalized patients
with CKD having the International Classification of Diseases
code numbers ranging from N18.1 to N18.9, who were between
18 to 60 years of age, were selected by consecutive sampling
and included in the study. Patients discharged against medical
advice and those with incomplete files were excluded. They
were selected sequentially in order of appearance based on their
convenient accessibility during this process, which ended when
the required number of patients had been reached. All their
relevant demographic and clinical data were collected from the
patient files obtained from the Medical Records Department
(MRD) of the hospital and documented in a case record form.

Data collection was performed from January 2022 to March
2022 and the medical records of CKD patients admitted for
conservative treatment between September 2021 to March
2022, for a period of 6 months were screened.

The data were gathered in two stages. In the first stage,
three independent researchers analyzed the medication chart of
every participant enrolled in the study for the number of drugs
prescribed per patient, number of therapeutic subgroups (second
level Anatomical Therapeutic Chemical/ATC classification)
prescribed, number of prescribers, age, gender, weight, CKD
stage, serum creatinine, creatinine clearance, estimated glomerular
filtration rate (eGFR), comorbid conditions, dialysis status, and
other relevant factors. The patients were classified into different
stages of CKD based on their eGFR values, according to the
Kidney Disease: Improving Global Outcomes guidelines. Stage 1
was defined as renal damage with normal or relatively high GFR
(>90 ml/minute/1.73 m?) followed by stage 2 which was defined as
renal damage with a mild reduction in GFR (60—89 ml/minute/1.73
m?). Stage 3 was divided into 3a and 3b, where 3a was a mild to
moderate reduction in GFR (45-59 ml/minute/1.73 m?*) and 3b
was a moderate to severe reduction in GFR (30—44 ml/minute/1.73
m?). Stage 4 was defined as a severe reduction in GFR (15-29 ml/
minute/1.73 m?), and finally, stage 5 was defined as an end-stage
renal disease with GFR lesser than 15 ml/minute/1.73 m? [13].

In the second stage, all prescriptions were analyzed
for pDDIs by utilizing the Micromedex® Drug-Reax®
System. Depending on the severity of the outcome and the
quality of documentation, drug interactions were classified as
contraindicated, major, moderate, or minor. A minor interaction
was defined as the one having limited clinical consequences, and
which may not necessitate a significant change in medication
while a moderate interaction was characterized as the one
that may worsen the patient’s condition, needing alternate
therapy, extra care, or longer hospitalization. Similarly, a
major interaction was defined as the one that is generally life-
threatening and requires immediate medical attention, and
finally, the drugs that should not be administered together at
any cost were considered as contraindications [14].

Predictor identification

According to previously published literature, patient
characteristics that include quantitative variables like the
number of drugs prescribed per patient, number of therapeutic
subgroups prescribed, number of prescribers, creatinine
clearance, eGFR, and number of comorbidities, as well as
categorical variables like gender, age groups, CKD stages,
dialysis status, and the major comorbid conditions may play an
important role in precipitating pDDIs in CKD patients [3,4,7].
As a result, all these characteristics have been collected as
probable predictors of pDDIs.

Statistical analysis

The sample size for the study was derived based on
the sample size calculation for identifying risk factors using
regression models by considering the incidence of severe pDDIs
in CKD patients from previously published data, which was
found to be 16.8% [5], and detecting a risk factor with an odds
ratio (OR) of 1.5 or more at 5% level of significance and 80%
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power. Based on the calculation, 392 patients were needed to be
recruited for this study.

Descriptive statistics were used to describe the
characteristics of the patient population, with quantitative
variables expressed as mean + standard deviation (SD) for
normally distributed data and median with interquartile range
(IQR) for non-normally distributed data, and categorical variables
expressed as frequency and percentage. Data were entered and
analyzed using IBM Statistical Package for the Social Sciences
software v20.0. Poisson regression analysis was used to identify
the independent factors associated with the number of pDDIs. All
the predictors were initially selected based on previously known
clinical considerations and assessed individually by univariate
analysis, after which those with a statistical significance level
less than 0.25 (p < 0.25) were taken together and screened by
multivariate analysis until all the insignificant predictors were
eliminated. During the initial screening by univariate analysis,
a slightly relaxed significance level (p < 0.25) was chosen to
prevent the exclusion of potentially important variables, and care
was taken to ensure that there were an adequate number of events
(at least 10 events) per independent variable. The identified risk
factors were expressed in terms of OR, with a significance level
less than 0.05 (p < 0.05), and a confidence interval set to 95%.
Using intercept (B,) and coefficients (B) of variables having
statistical significance, the prediction model was developed. The
statistical validity of the developed model was assessed by the
Pearson chi-square test, omnibus test, and residual analysis.

RESULTS

Demographic and clinical characteristics of the study
population

The medical records of 392 CKD patients were
screened and included in the study. Table 1 summarizes the
demographic and clinical characteristics of the patients. The
mean age of this study population was found to be 45.97 +
10.32 (Mean + SD) and males accounted for 74.40% (N = 293)
of the entire population. It was observed that the majority of
CKD patients, 87.0% (N = 341), belonged to stage-5.

Characteristics of the pDDIs

Out of 392 patients, 89.79% (N = 352) had shown
pDDIs. A total of 2,054 pDDIs of different severities had been
observed with a mean of 5.18 + 4.91 (N = 2,030) pDDIs per
patient. Figure 1 illustrates the distribution of pDDIs based on
severity.

The most common classes of drugs involved in pDDIs
were cardiovascular drugs, antidiabetic drugs, antimicrobial
agents, respiratory drugs, gastrointestinal drugs, and vitamins/
minerals. Table 2 elucidates a detailed description of the most
frequently prescribed drug combinations which were associated
with pDDIs.

Identification of independent risk factors associated with the
number of pDDIs and development of a prediction model by
Poisson regression analysis

Univariate Poisson regression analysis had initially
revealed that the significant variables (p < 0.25) associated with

Table 1. Demographic and clinical characteristics of the study

population.
Characteristics
Continuous variables Mean + SD
Number of drugs prescribed per patient 12.80 +5.05
Number of pharmacological/therapeutic
subgroups (2nd level of ATC classification) 10.21 +3.48
prescribed
Number of prescribers 2.54+1.40
Serum creatinine (mg/dl) 8.18+4.91
Number of comorbidities 2.96 +1.30

Median (IQR)

Age 48.00 (40.00-55.00)

Creatinine clearance (ml/minute)

eGFR (ml/minute/1.73 m?)

Categorical variables

10.00 (6.16-5.00)
8.00 (5.00-13.00)

Percentage (Frequency)

Gender
Male 74.4% (293)
Female 25.3% (99)
Age Groups
18-30 11.00% (43)
31-40 16.30% (64)
41-50 34.20% (134)
51-60 38.50% (151)
Dialysis 66.3% (260)
CKD stage
Stage-1 0.3% (1)
Stage-2 1.3% (5)
Stage-3a 1.5% (6)
Stage-3b 2.3%(9)
Stage-4 7.7% (30)
Stage-5 87.0% (341)
Major co-morbid conditions
Ischemic heart disease 14.50% (57)

Liver diseases 8.70% (34)

Hypertension 90.10% (353)
Bone diseases 4.30% (17)
Diabetes mellitus 42.10% (165)
Hyperthyroidism 1.30% (5)
Hypothyroidism 9.90% (39)
Anemia 33.70% (132)
Congestive heart failure 4.30% (17)

the number of pDDIs were the age groups of 31-60 years, CKD
stages 3a, 3b, and 5, male gender, creatinine clearance, dialysis,
ischemic heart disease, liver diseases, hypertension, diabetes
mellitus, hypothyroidism, congestive heart failure, number of
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Figure 1. Distribution of pDDIs based on the severity.

therapeutic subgroups, number of comorbidities, number of
drugs, and number of prescribers.

For developing the pDDI prediction model, these
variables were analyzed together by multivariate Poisson
regression until all the insignificant variables were removed.
The results of this final regression analysis are shown in Table
3, where it can be observed that male patients (95% CI=1.171—
1.461, p<0.001) were associated with an increase in the number
of pDDIs by 1.308 times when compared to females. Similarly,
the presence of comorbidities like ischemic heart disease (95%
CI = 1.050-1.314, p = 0.005), hypertension (95% CI = 1.464—
2.087, p < 0.001), diabetes mellitus (95% CI=1.248-1.498, p <
0.001), and congestive heart failure (95% CI = 1.186-1.698, p
< 0.001) had increased the number of pDDIs by 1.175, 1.747,
1.368, and 1.419 times, respectively. On the other hand, it
was observed that the presence of liver diseases (95% CI =
0.622-0.872, p < 0.001) was associated with a reduction in the
number of pDDIs by 0.737 times. Furthermore, the number of
pDDIs was also raised by 1.070 times and 1.327 times for a
unit increase in the number of drugs (95% CI = 1.052-1.089,
p <0.001) and the number of therapeutic subgroups (95% CI
=1.021-1.076, p < 0.001) prescribed per patient, respectively.

A Poisson regression model was created to predict
the number of pDDIs with respect to the various independent
contributing factors. The following equation was derived based
on the coefficients of independent risk factors and the constant
or intercept (f,), which was found to be —0.753.

log (no.of pDDIs)

=—10.753+0.268 (male gender)

+0.161 (presence of ischemic heart disease)
—0.305 (presence of liver diseases)

+0.558 (presence of hypertension)

+0.313 (presence of diabetes mellitus)

+0.350 (presence of congestive heart failure)
+0.068 (no.of drugs prescribed)

+0.047 (no.of therapeutic subgroups prescribed)

Statistical validation of the developed model

The performance of the developed model was
statistically evaluated. Figure 2 shows a scatter plot of the
predicted value of the mean response on the x-axis against
standardized Pearson residual values on the y-axis. It reveals
that the developed regression model shows a relatively equal
distribution of points above and below the horizontal line at
residuals = 0, indicating that the linearity and equal-variance
assumptions of the regression model are not violated.

The Pearson chi-square goodness of fit test value for
the developed model was found to be 1.899, which indicates a
slight overdispersion. However, due to the small sample size
of our study, this value is unlikely to affect the assumption of
equidispersion seriously. In the omnibus test, the p-value was
found to be less than 0.001, indicating that the developed model
is statistically significant, where all the independent variables
collectively improve the model over the intercept-only model.

DISCUSSION

In this study, pDDIs were seen in 89.79% of the
patients, similar to the findings of a study performed in the
medicine outpatient department of an Indian tertiary care
hospital [15]. Most of the interactions were found to be of
moderate severity which is in concordance with the findings of
another Indian study by Rama et al. [16] and a Palestinian study
by Al-Ramahi et al. [17]. The percentage of contraindications
in our study was found to be 0.7% which was very much similar
to three other studies [17-19]. However, our frequencies of
major and minor pDDIs were slightly contrasting from other
published literature, which may be due to variations in the study
design, prescribing patterns, sample size, and databases used to
check for drug interactions.

The most common classes of drugs involved in pDDIs
were cardiovascular drugs, antidiabetic drugs, antimicrobial
agents, respiratory drugs, gastrointestinal drugs, and vitamins/
minerals which is consistent with the aforementioned study
conducted in the same hospital setting by Rama et al. [16].
Similar to our study, they also identified that clonidine/
metoprolol and insulin/metoprolol were the most frequently
interacting drugs in the admitted CKD patients. A case report
by Handler [20] describes the development of severe sinus
bradycardia, with slurred speech, and visual blurriness in a
65-year-old woman following the introduction of clonidine
to longstanding metoprolol therapy. Apart from that, a
randomized controlled trial involving patients with type 2
diabetes mellitus found that vascular insulin sensitivity had
deteriorated when insulin infusion was co-administered with
metoprolol but remained unchanged in the case of carvedilol
[21]. In the study conducted by Al-Ramabhi ef al. [17], aspirin/
furosemide and aspirin/calcium preparations were found to
interact most often. Interaction between aspirin and furosemide
was suspected to cause grade-1 renal parenchymal disease
in a 60-year-old female who was concomitantly receiving
both drugs for 6 days [22]. A prospective interventional
study in Italy showed that concurrent administration of
aspirin with calcium carbonate, magnesium hydroxide, and
aluminum significantly impaired aspirin absorption, with



Paul et al. / Journal of Applied Pharmaceutical Science 14 (02); 2024: 109-117

113

Table 2. Pairs of frequently interacting drugs with their pharmacological/therapeutic subgroups (second level of ATC classification).

Severity Drug-A Drug-B Summary Frequency Percentage 95% CI
Calcium .
preparations Ceftriaxone Formation of calcium precipitates of ceftriaxone upon 5 1.27 0.0042—0.0295
@Jo1) concomitant IV administration. : ’
(A12)
Contraindicated ~Fluconazole Ondansetron Increased risk of QT-interval prolongation and irregular heart 3 076 0.0016-0.0222
(J02) (A04) rhythm. ’ ’ ’
Carvedilol Colchicine Carvedilol, being a P-glycoprotein inhibitor, can increase the 2 0.51 0.0006-0.0183
(C07) (MO04) plasma concentration of colchicine to toxic levels. ’ ’
Aspirin Furosemide Concomitant use of loop diuretics and salicylates may result 63 16.1 0.1258-0.2009
(N02) (C03) in diminished diuretic effect. ’ ’
Clonidine Metoprolol Increased risk of sinus bradycardia and an exaggerated 6l 15.6 0.1212-0.1954
(C02) (C07) clonidine withdrawal response (acute hypertension). ’ ’
Major Amlodipine Domperidone  yncreased serum concentrations of domperidone and risk of 60 15.3 0.1189-0.1926
(C08) (A02) QT- prolongation leading to serious cardiac effects. ' '
; 29 7.4
Albuterol (R03) Metoprolol Decreas.ed efficacy of albuterol due to pharmacological 0.0501-0.1045
(C07) antagonism.
Amlodipine Clopidogrel Decreased antiplatelet effect of clopidogrel and increased the 22 5.6 0.0355-0.0837
(CO08) (BO1) risk of thrombotic events. ’ ’
Insulin and oral Furosemide Leads to altered glucose tolerance, predisposing the patient
antidiabetics (C03) to hyperglycemia/loss of glycemic control and increasing the 94 239 0.1984-0.2852
(A10) insulin requirement.
Iron
supplements Pantoprazole Reduced bioavailability of iron. 77 19.6 0.1582-0.2393
(B03) (A02)
Calcium
Aspirin (N02) ~ Preparations Decreased effectiveness of aspirin. 56 14.3 0.1098-0.1815
(A12)
Insulin (A10) Metoprolol Altered glugose metabolism and masked signs/symptoms of 55 14 0.1075-0.1787
(C07) hypoglycemia.
Insulin and oral
antidiabetics Aspirin (N02)  Increased risk of hypoglycemia. 52 13.2 0.1007-0.1703
(A10)
Insulin (A10) Clonidine Altered glucgse metabolism and masked signs/symptoms of 50 128 0.0962-0.1647
(C02) hypoglycemia.
. Metoprolol An exaggerated hypotensive response to the first dose of 48 12.2
Moderate Prazosin (C02) (C07) alpha-blocker. 0.0197-0.1591
) Calcium
Sgﬁp)odomme preparations Reduced effectiveness of cephalosporins. 48 12.2 0.0917-0.1591
(A12)
Furosemide f3,-agonists enhance the hypokalemic effect of loop diuretics 11.4
Albuterol (R03) (C03) leading to ECG changes. 45 0.0850-0.1506
Aspirin (N02) i\(’l;(:)t;))p rolol Decreased antihypertensive efficacy of metoprolol. 35 8.9 0.0630-0.1220
Sodium
Aspirin (NO2)  bicarbonate Decreased effectiveness of aspirin. 32 8.2 0.0565-0.1133
(A02)
Levothyroxine Pantoprazole = Concomitant use can increase TSH levels. PPIs‘ can also . 29 74 0.0501-0.1045
(HO3) (A02) cause low gastric pH that decreases levothyroxine absorption.
Hydralazine Metoprolol Hydralazine 1nh1b1t§ thg C.YP.-2D6 medlgted nlqeta.b'ohsm 24 6.1
of metoprolol resulting in its increased bioavailability and 0.0396-0.0897
(C02) (C07) 1 .
plasma concentration.
Hydralazine Furosemide 8.2
Enhanced diuretic response to furosemide. 32 0.0565-0.1133
(C02) (C03)
Mi .
mor Tron Calc1um. 68 173
supplements preparations Reduced effectiveness of iron. 0.1373-0.2147
(B03) (A12)
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Table 3. Characteristics of final multivariate Poisson regression
model for predicting the number of pDDIs.

95%
OR Confidence

Variables Coefficient () p-value OR Interval for
OR

Ischemic heart 0.161 0.005%  1.175  1.050-1.314

disease

Liver diseases —0.305 <0.001*  0.737 0.622-0.872

Hypertension 0.558 <0.001*  1.747 1.464-2.087

Diabetes mellitus 0.313 <0.001* 1.368 1.248-1.498

Congestive heart 0350 <0.001* 1419  1.186-1.698

failure

Male Gender 0.268 <0.001* 1.308 1.171-1.461

No of therapeutic

subgroups 0.047 <0.001*  1.049 1.021-1.076

prescribed

Number of drugs 0.068 <0.001* 1.070  1.052-1.089

prescribed

“Statistically significant values (p < 0.05).

Std Residual

| | | I \ i \ i \ R i
0 10 20 30 40 50 60 70
Mean Predicted

Figure 2. Scatter plot of the predicted value of the mean response versus
standardized Pearson residual values.

calcium carbonate causing the greatest decrease in the plasma
concentration of aspirin out of all [23]. Furthermore, Sgnaolin
et al. [24] identified iron supplements/calcium preparations as
one of the most frequently interacting drugs, while Okoro and
Farate et al. [19] identified iron supplements/pantoprazole,
both of which are consistent with our findings. Ganipisetti et
al. [25] described the case of a pregnant woman who received
an excessive dose of calcium carbonate with iron supplements
and developed severe iron deficiency anemia due to poor iron
absorption, requiring two units of packed red blood cells and
parenteral iron therapy. A prospective study conducted in New
Jersey showed that people with iron deficiency are more likely
to have a suboptimal response to ferrous sulfate when given
with proton-pump inhibitors, necessitating intravenous iron

supplementation or a longer period of oral iron treatment [26].
However, a higher frequency of interaction between insulin
and oral antidiabetics with furosemide was not found in most
of the studies.

The results of the developed regression model
showed that male gender, comorbidities like ischemic heart
disease, hypertension, diabetes mellitus, and congestive
heart failure, a higher number of therapeutic subgroups, and
drugs per prescription were shown to significantly increase
the number of pDDIs. While the presence of liver diseases
was associated with a decrease in the number of pDDIs.
The number of pDDIs increased in direct proportion to the
number of drugs and therapeutic subgroups. An increase in
the number of drugs prescribed can be attributed to a number
of factors, including the presence of multiple comorbidities
that necessitate multiple medications, the involvement of
several physicians from different specialties, and physicians
working in different shifts, which causes frequent changes in
the therapeutic regimen, resulting in patients’ treatment plans
not being reviewed together [7,27]. Supporting our finding,
about a decade ago Delafuente [28] demonstrated that if
patients are on more than six medications, the number of
pDDIs increases from 39% to 100% when compared to when
they are on 2-3 medications. Our findings are also consistent
with those of other studies conducted in similar hospital
settings [15,17,29-31].

In our study, the male gender showed higher pDDIs as
there were predominantly more male CKD patients. However,
this contrasts with some studies which show that more than half
of the renal patients were females and with higher pDDIs than
males [32], while another study’s findings are parallel to ours
[33]. These discrepancies in the results are incomprehensible
and could be mainly due to the differences in sampling and
unequal distribution of both genders.

Ischemic heart disease, liver disease, hypertension,
diabetes mellitus, and congestive heart failure were found to be
the significant factors associated with an increased number of
pDDIs in accordance with an Indian prospective cohort study
[34]. A high frequency of pDDIs was observed in patients
taking anti-hypertensive medications in our study, accounting
for 90.1% of the study sample. Patients with hypertension
typically require the use of more than one anti-hypertensive and
amultidrug regimen is frequently used due to several associated
comorbidities. This subsequently increases the chances of
polypharmacy and thus the number of pDDIs, as shown in two
studies from Iowa [35] and Telangana [36]. Cardiovascular
diseases like ischemic heart disease and congestive cardiac
failure are prevalent in increasing the number of pDDIs.
Cardiac diseases lead to an increase in the number of drugs and
the number of potentially interacting drug pairs per prescription
[34]. The number of pDDIs in patients with congestive cardiac
failure was documented in a study by Herrlinger and Klotz
[37], who found that more than 90% of interactions were
either moderate or major in severity. Furthermore, patients
with diabetes showed a high number of pDDIs, which could
be attributed to the substantial increase in the number of
antidiabetic drugs and the risk of possible interactions that can
cause an imbalance in glucose homeostasis [38].
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It was an interesting observation that the presence of
liver diseases was linked to a lower number of pDDIs. This
remains unexplained; however, it could be due to the lower
number of interacting drug pairs prescribed to patients with
liver function impairment in our study.

The high frequency of pDDIs observed per patient
and identification of the associated risk factors may serve as
an alert to healthcare professionals in the hospital setting and
can assist the clinician in choosing therapeutic alternatives,
making dosage adjustments, and performing the necessary
interventions by reducing the number of drugs or the frequency
of administration. A clinical pharmacist’s role is to ensure that
medications are properly screened for interactions along with
identifying harmful combinations to avoid and manage the
adverse effects. According to an Italian study, being aware of
the pDDIs caused by digoxin and other drugs resulted in fewer
interactions [39]. This could ultimately improve the therapeutic
outcome, minimize the adverse effects, establish rational drug
use, and reduce the economic burden on the patient.

There were various limitations to this study that
should be considered. First and foremost, the study was
conducted retrospectively, because of which the outcomes of
the pDDIs could not be assessed and preventive interventions
could not be taken. Since all the information was acquired
only from medical records without any direct involvement
of the patient, only a limited number of predictors could be
included. Any information on a person’s social background,
smoking habits, alcohol intake, and so on could not be
collected, resulting in information bias. Furthermore, data on
the use of non-prescription drugs could not be collected, which
might also significantly contribute to pDDIs. The sample size
was calculated based on a closely related study with a similar
population resulting in a small sample size and convenient
sampling. This may make extrapolating study findings to the
wider population problematic. Moreover, patients over the age
of 60 had to be excluded from the study to avoid any bias in the
model due to overfitting, since the number of admitted patients
in that category was less than 10 and all relevant demographic
details were unavailable. In the developed prediction model, it
was observed that more points of the scatter plot were above
the reference line than below. This indicates that the developed
model slightly overpredicts the number of pDDIs and there is
a modest difference in the predicted and actual values. Future
directives could be taken to externally validate the prediction
model in a broader population and to expand the sample size,
which would aid in the development of a stronger model and
produce more exact findings.

CONCLUSION

Our study revealed that factors like male gender,
comorbid conditions like ischemic heart disease, hypertension,
diabetes mellitus, and congestive heart failure, a higher number
of therapeutic subgroups, and drugs per prescription were
shown to significantly increase the number of pDDIs. While
the presence of liver diseases was associated with a decrease
in the number of pDDIs. Because it considers patient-specific
clinical data, the developed model may produce more reliable

and accurate outcomes than existing pDDI checking websites
and could be useful for the early detection and prevention
of pDDIs in CKD patients. We have also identified the most
typical pairs of interacting drugs at the nephrology department
of that hospital, that can assist the clinicians to avoid the
simultaneous use of harmful drug combinations. Vigilant and
continuous monitoring can aid in identifying pDDIs which may
ultimately prevent morbidity and mortality of patients. It is the
responsibility of the clinical pharmacist to detect and prevent
undesirable interactions and provide necessary interventions in
case of any adverse events.
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