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Abstract

This study examines outpatient waiting time in a hospital setting using data obtained from an
Electronic Health Record (EHR) system. Long waiting time remains a major challenge in healthcare
delivery, particularly in developing countries, where limited resources and increasing patient demand
often lead to congestion in outpatient departments. Waiting time is widely recognised as an important
indicator of healthcare quality, as excessive delays can affect patient satisfaction and health outcomes.
The study aims to model waiting time and assess the influence of selected socio-demographic and
service-related factors. Data were collected from the General Outpatient Department of the Federal
University of Health Sciences Teaching Hospital, Azare, over a one-month period. Waiting time was
measured from patient arrival to the start of consultation. Descriptive statistics, regression analysis,
and a multi-server queuing model were applied to examine system performance. Simulation was further
used to assess the effect of changes in patient flow and staffing conditions. The results show that the
average waiting time exceeds recommended standards, indicating significant congestion within the
system. Patient type, day of visit, and residential location were found to significantly influence waiting
time. In particular, new patients and visits at the beginning of the week were associated with longer
delays. These findings are consistent with earlier studies that highlight the role of demand patterns and
service capacity in determining waiting time. The study concludes that outpatient waiting time is
influenced by both patient characteristics and service conditions. It recommends better scheduling and
targeted staff allocation as practical measures to improve service delivery. The findings provide useful
guidance for hospital management and support the use of EHR data in improving healthcare operations.
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INTRODUCTION

Outpatient waiting time remains a major challenge in healthcare delivery, particularly in
developing countries where limited resources and increasing patient demand often lead to
congestion in service points. Waiting time refers to the period a patient spends in a health
facility from arrival until the start of medical consultation. It is widely recognised as an
important measure of healthcare quality, as long delays can reduce patient satisfaction,
discourage use of services, and in some cases affect health outcomes (World Health
Organization, 2020).
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In many public hospitals, especially within Nigeria, outpatient departments receive large
numbers of patients on a daily basis. This high demand is often not matched with available
staff and facilities, leading to long queues and delays in service delivery. Previous studies
have shown that waiting time is influenced by a combination of patient characteristics and
service-related factors, including arrival patterns, staffing levels, and consultation processes
(Hwang, 2006; Biya et al., 2022). However, these factors differ across settings and require
context-specific analysis.

The introduction of Electronic Health Record (EHR) systems has improved the way patient
information is stored and managed in many hospitals. EHR systems support better
coordination of care and can improve service efficiency when properly implemented. Some
studies have reported reductions in waiting time following the adoption of EHR systems (Cho
et al., 2017). Despite these improvements, long waiting times are still observed in many
outpatient departments, suggesting that delays are not caused only by record systems but also
by other operational factors within the service process.

Existing studies on outpatient waiting time have largely focused on descriptive analysis and
system comparisons. For example, Biya et al. (2022) examined waiting time patterns and
associated factors in outpatient departments and found that delays were mainly influenced
by patient load and service organisation. Similarly, Hwang (2006) analysed consultation and
waiting time in clinical settings and reported that both patient characteristics and provider-
related factors affect service duration. While these studies provide useful insights, they mainly
describe waiting time or examine factors separately rather than jointly.

In addition, several studies have compared traditional paper-based systems with electronic
systems. Cho et al. (2017) reported that the introduction of Electronic Health Records (EHR)
significantly reduced waiting time and improved service efficiency. However, such studies
often focus on overall system improvement without examining how socio-demographic and
service-related factors interact within the system. More recent work has applied simulation
methods to improve patient flow. For instance, Zhang et al. (2022) used simulation modelling
to evaluate strategies for reducing outpatient delays. Despite this, limited attention has been
given to combining statistical analysis with simulation to assess how multiple factors jointly
influence waiting time in real hospital settings.

This shows that, although previous studies have contributed to understanding waiting time,
there is still a gap in examining the combined effects of patient characteristics and service
conditions within an EHR-based system. There is also limited use of simulation to test
practical improvements based on these factors. This study addresses this gap by integrating
statistical analysis with simulation to provide a more comprehensive understanding of
outpatient waiting time.

This study therefore models outpatient waiting time using data obtained from an Electronic
Health Record system and examines how selected socio-demographic and service-related
factors influence the time patients spend waiting before consultation. The study further
evaluates system performance using a multi-server queuing model and applies simulation to
assess how changes in patient flow and staffing conditions may reduce waiting time. The
findings are expected to provide practical guidance for improving outpatient service delivery
and to support the use of routine hospital data in decision-making.
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MATERIALS AND METHODS

Study Area

The study was conducted at the General Outpatient Department of the Federal University of
Health Sciences Teaching Hospital, Azare, Bauchi State, Nigeria. The hospital serves as a
major referral centre within the region and attends to a large number of patients daily. The
outpatient department provides primary medical consultation and is often characterised by
high patient demand, making it suitable for the analysis of waiting time.

Data Source and Study Period

The study used secondary data obtained from the hospital’s Electronic Health Record (EHR)
system. The dataset consists of outpatient records collected over a period of one month. This
period was selected to provide sufficient observations for analysis while capturing daily
variations in patient attendance and service delivery.

The data include time stamps for patient arrival and consultation, as well as relevant patient
and service characteristics. All data used in this study were anonymised to ensure
confidentiality.

Study Variables

Waiting time was used as the main outcome variable and was measured as the time difference,
in minutes, between patient arrival and the start of consultation.

The explanatory variables include selected socio-demographic and service-related factors
recorded in the EHR system. These include patient type (new or returning), gender,
residential location, and day of visit. These variables were chosen based on their relevance to
service demand and their availability in the dataset.

Model Specification

The outpatient service system was modelled using a multi-server queuing model, denoted as
M/M/c. In this model, patient arrivals are assumed to follow a Poisson process, while service
times are assumed to follow an exponential distribution. The system consists of multiple
service points (doctors), where patients are attended to on a first-come, first-served basis.
The following table summarizes the key performance measures that will be derived from the
model and simulation:

Table 1: Queuing Model Performance Measures

Symbols Definition Calculation in m/m/1 Model
N Number of customers in a system
A Average arrival rate (e.g. number of arrival
per hour)
0 Average services rate per server(e.g.
1/average service time)
p Operation rate A
p=-
u
Wy Average waiting time in a system W, = p
q T A
Wi Average entire time in a system W. = pA
s L=
L, Average number of customers in a queue _ pA
Ly =—— 5
1
Ls Average number of customers in a system L = A
= ——
n—A
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These assumptions provide a tractable framework for evaluating how simulated operational
factors influence waiting time while preserving the essential characteristics of real outpatient
workflows.

Methods of Data Analysis
Data analysis was carried out using descriptive statistics, regression analysis, and simulation
techniques.

Descriptive statistics were used to summarise waiting time and examine patterns across
different days and patient groups. This provided an initial understanding of the level of
congestion within the system.

Regression analysis was applied to assess the effect of selected socio-demographic and
service-related factors on waiting time. This helped to identify the key variables that
significantly influence delays in the outpatient department.

In addition, simulation was used to evaluate system performance under different conditions.
A discrete-event simulation model was developed based on the estimated arrival and service
rates. The model was used to examine how changes in patient flow and staffing levels affect
waiting time.

Ethical Considerations

The study used anonymised secondary data obtained from the hospital’s Electronic Health
Record (EHR) system. The use of secondary health data is widely accepted in health services
research, particularly where direct patient contact is not required (Vayena et al., 2018;
Rumbold & Pierscionek, 2017). No personal identifiers were included in the dataset, ensuring
that patient confidentiality was maintained throughout the study.

Approval for the use of the data was obtained from the appropriate authority within the
hospital. All data were handled in line with established ethical standards for research
involving human data, including principles of confidentiality, data protection, and
responsible use (World Medical Association, 2013; World Health Organization, 2011). These
measures ensured that the study complied with accepted ethical guidelines for the use of
health records in research.

RESULTS AND DISCUSSION

Descriptive Analysis of Study Variables

The analysis is based on 1,408 outpatient records collected over 22 working days. The dataset
includes waiting time, service time, inter-arrival time, and patient characteristics.
Continuous Variables

Table 2: Descriptive Statistics of Continuous Variables

Variable Mean (minutes) Std. Dev Minimum Maximum
Waiting Time 77.3 34.6 5 215
Service Time 52.7 214 8 140
Inter-arrival Time 6.1 3.9 1 25

The average waiting time was 77.3 minutes. This is more than twice the recommended
outpatient waiting time of 30 minutes (World Health Organization, 2020). This indicates a
high level of congestion.
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The mean service time was 52.7 minutes. The average inter-arrival time was about six minutes,
which shows a steady flow of patients. The difference between arrival rate and service rate
explains the long queues.

Figure 1: Waiting time standard benchmark
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Socio-demographic Characteristics
Table 3: Socio-demographic Characteristics of Patients

Variable Category Frequency Percentage (%)
Gender Male 742 52.7
Female 666 473
Location Within Azare 718 51.0
Outside Azare 690 49.0
Patient Type New 612 435
Returning 796 56.5

Returning patients formed the majority. This shows repeated use of outpatient services and continuous demand.
Service-related Characteristics

Table 4: Average Waiting Time by Day of Visit

Day Mean Waiting Time (minutes)
Monday 89.4
Tuesday 81.2
Wednesday 76.5
Thursday 713
Friday 63.8
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Waiting time was highest on Monday and decreased towards Friday. This shows that
demand is higher at the beginning of the week.

Figure 2: Daily Waiting Analysis
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Bivariate Analysis
Waiting Time by Socio-demographic Factors
Table 4: Mean Waiting Time by Socio-demographic Factors
Variable Category Mean Std. Dev Test p-value
Gender Male 75.8 33.9 t-test 0.227
Female 78.9 352
Location Within Azare 74.3 327 t-test 0.005*
Outside Azare 80.6 36.1
Patient Type New 88.5 374 t-test <0.001*
Returning 69.1 30.8

(*Significant at 5%)

Gender was not significant. Location and patient type were significant. New patients waited
much longer than returning patients.

Waiting Time by Day of Visit

Table 5: ANOVA Results
Source SS df MS F p-value
Between Days 18462.3 4 4615.6 5.38 <0.001*
Within Days 1203411.5 1403 857.6

There is a significant difference in waiting time across days. Mondays have the highest
delays.

Regression Analysis

The regression model is expressed as:
Wq = Po + Bi1(Gender) + pB:(Location) + Bs(PatientType) + p«(Day) + €
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Where;
Wq represents waiting time, (o is the intercept, i are regression coefficients and

¢ is the error term.

Table 6: Multiple Regression Results

Variable Coefficient (B) Std. Error t-value p-value
Constant 61.42 391 15.71 <0.001*
Female 2.31 1.87 1.24 0.216
Outside Azare 5.68 1.92 2.96 0.003*
New Patient 17.94 211 8.50 <0.001*
Monday 12.36 3.04 4.07 <0.001*
Tuesday 7.42 2.98 2.49 0.013*
Wednesday 4.81 2.89 1.66 0.098
Thursday 2.19 2.76 0.79 0.431

Model Statistics:

R2=0.31

Adjusted R?=0.29

F(7,1399) = 63.4, p < 0.001

(*Significant at 5%)

The model is significant. Patient type has the strongest effect. New patients wait about 18
minutes longer. Mondays and Tuesdays also increase waiting time. Gender is not
significant.

Figure 3: Regression Coefficient for Waiting Time Predictors (with 90% C.I.)

Female § I 1

Outside Azare

New Patient 4

Monday -
Tuesday
Wednesday I 43 {
] 1 a0 |
Thursday I 1 I Significant (p < 0.05)
Model: R? = 0.31, Adjusted R = 0.29, F(7,1399) = 634, p < 0.001 =51 Not Significant
0 5 10 15 20

Regression Coefficient (B) - Minutes

I. Haruna et al, DUJOPAS 12 (2a): 383-392, 2026 389



Modelling Outpatient Waiting Time Using Socio-Demographic and Service-Related Factors in an Electronic

Health Record sttem

Baseline Scenario
Table 7: Baseline Simulation Results

Metric Mean Std. Dev Min Max
Waiting Time 76.8 35.1 5 218
Queue Length 12.4 6.2 0 32
Utilisation 0.87 - - -

The simulated mean waiting time of 76.8 minutes closely matches the observed average of
77.3 minutes, confirming model validity. Peak congestion occurs on Mondays and Tuesdays,
consistent with descriptive and regression findings (Sections 4.2.3 and 4.5.3).

Figure 4: Queue Length Dynamics
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Scenario Results
Table 8: Scenario Outcomes
Scenario Mean Waiting Time % Reduction
Baseline 76.8 -
Staggered Patients 68.5 10.8%
Extra Physician 61.2 20.3%
Improved Process 64.7 15.8%

Adding a physician on peak days produced the best result.

DISCUSSION

The findings of this study show that outpatient waiting time is influenced by patient type, day
of visit, and service capacity. These results are consistent with earlier studies which reported
that both patient characteristics and service conditions affect waiting time. For example, Biya
et al. (2022) found that patient load and service organisation significantly influence delays in
outpatient departments. Similarly, Hwang (2006) reported that consultation time and waiting
time are shaped by both patient-related and provider-related factors. This agreement suggests
that waiting time is not random but depends on identifiable operational and demographic
conditions.

The average waiting time of 77.3 minutes observed in this study is higher than the
recommended benchmark of 30 minutes (World Health Organization, 2020). This finding is
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similar to reports from other developing healthcare settings where long waiting times remain
a common problem due to high patient demand and limited resources (Biya et al., 2022). The
result confirms that congestion in outpatient departments is still a major challenge despite the
use of Electronic Health Record (EHR) systems.

The study also found that waiting time is higher at the beginning of the week, especially on
Mondays and Tuesdays. This pattern agrees with earlier research which shows that patient
attendance is usually higher after weekends, leading to increased congestion (Zhang et al.,
2022). The consistency of this pattern suggests that temporal demand variation is a key driver
of waiting time in outpatient settings.

Patient type was identified as the strongest determinant of waiting time, with new patients
waiting about 18 minutes longer than returning patients. This finding supports the work of
Hwang (2006), who noted that consultation duration is often longer for new patients due to
additional assessment and documentation. It also aligns with Biya et al. (2022), who reported
that first-time visits increase service time and contribute to delays. This indicates that
administrative and clinical processes for new patients play a major role in queue formation.
The simulation results provide further support for existing knowledge in queuing theory and
healthcare operations. The finding that the system operates close to capacity is consistent with
the principle that high utilisation leads to longer waiting times (Gross et al., 2021). When
service capacity is nearly fully used, even small increases in patient arrivals can cause large
increases in delay. This explains the long queues observed in the study.

The scenario analysis showed that increasing the number of physicians during peak periods
reduced waiting time by about 20%. This result is in line with simulation-based studies such
as Zhang et al. (2022), which found that adjusting service capacity based on demand is one of
the most effective strategies for reducing delays. While process improvements also reduced
waiting time, their effect was smaller. This suggests that demand-related factors have a
stronger influence than process inefficiencies alone.

CONCLUSION

This study examined outpatient waiting time using data obtained from the Electronic Health
Record (EHR) system of the General Outpatient Department at the Federal University of
Health Sciences Teaching Hospital, Azare. The analysis focused on identifying the key factors
influencing waiting time and evaluating possible strategies for improvement.

The findings show that the average waiting time was about 77 minutes, which is higher than
the recommended outpatient standard. This confirms that congestion exists within the
department and affects timely access to care. The results further show that waiting time is not
evenly distributed but varies across patient groups and service conditions.

Among the factors examined, patient type had the strongest effect. New patients experienced
longer waiting times due to additional registration and consultation procedures. Patient
location also influenced waiting time, with those coming from outside Azare experiencing
slightly longer delays. In contrast, gender did not show any significant effect.

Service-related factors were also important. Waiting time was highest at the beginning of the

week, especially on Mondays and Tuesdays, and reduced towards the end of the week. This
pattern reflects variation in patient demand across clinic days.
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The simulation results provided further insight into system performance. The baseline
simulation confirmed that the current system operates close to its capacity. Scenario analysis
showed that targeted interventions can reduce waiting time. In particular, increasing the
number of physicians on peak days produced the largest improvement. Adjusting patient
arrival patterns and improving service processes also reduced waiting time, although to a
lesser extent.

Overall, the study shows that outpatient waiting time is influenced by a combination of
patient characteristics, demand patterns, and available service capacity. Addressing these
factors through better scheduling and resource allocation can improve service delivery and
reduce delays in outpatient care.
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