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Abstract. This paper presents a comparative analysis of three major methodologies for 
modeling stochastic service systems: analytical modeling (AM), simulation modeling (SM), 
and learning-based modeling (LM). While these approaches have been widely studied in 
isolation, relatively little research has systematically examined their respective roles and 
complementarities in supporting decision making for complex service systems. Using 
representative applications from international border-crossing operations and healthcare 
service systems, this study evaluates the strengths and limitations of the three methodologies 
in terms of modeling assumptions, interpretability, computational requirements, and 
predictive capability. The results show that analytical models provide valuable structural 
insights and prescriptive guidance under simplifying assumptions. Simulation models offer 
flexible and realistic representations of system dynamics for policy evaluation, and learning-
based models deliver strong predictive performance in data-rich and highly dynamic 
environments. In addition to comparing these approaches, the paper proposes an integrated 
decision-support framework in which learning-based models generate short-term forecasts, 
analytical models design operational policies, and simulation models evaluate policy 
performance under realistic conditions. The findings highlight the complementary nature of 
these methodologies and provide practical guidance for selecting and integrating modeling 
approaches to support decision making in stochastic service systems. 
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1. Introduction 
Stochastic modeling is an essential tool for understanding and predicting the operational 

behavior of service systems characterized by uncertainty. Researchers and practitioners 
study such systems by a range of methodologies, including analytical models, simulation 
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models, and learning-based models. This research is aimed at identifying the contexts in 
which each approach that is most suitable for studying service systems. 

In this paper, we adopt a broad definition of the terms “model” and “modeling” as any 
systematic approach that abstracts the relationships between input variables (e.g., decision 
variables and policy parameters) and output variables (e.g.. performance measures) in a 
stochastic service system. This definition differs from the narrower interpretation often used 
in operations research or econometrics, where a model typically refers to a purely 
mathematical formulation expressed through equations or analytical expressions. In our 
research, we distinguish three major paradigms: analytical modeling (AM), simulation 
modeling (SM), and learning-based modeling (LM). Analytical models rely on explicit 
mathematical formulations, simulation models represent system dynamics through 
computational experiments, and learning-based models infer relationships directly from 
data.  

Analytical models have traditionally been the foundation of stochastic system analysis. 
By imposing tractable assumptions, they yield closed-form or approximate expressions that 
provide structural insights and support policy design. However, these models often require 
assumptions—such as stationarity or Markovian dynamics—that may not hold in practice. 
When system complexity or realism violates these assumptions, simulation models offer a 
flexible alternative by explicitly representing stochastic processes and operational rules. 
Through repeated sampling, simulation can evaluate system performance under a wide 
range of scenarios. More recently, the increasing availability of operational data has enabled 
learning-based approaches, which can capture complex and nonlinear relationships without 
requiring explicit structural assumptions. These models often achieve strong predictive 
performance but may lack interpretability and direct prescriptive capability. 

Despite extensive research on each of these approaches, prior studies have largely 
examined them in isolation. As a result, there is limited understanding of how these 
methodologies compare and how they can be jointly used to support decision making in 
complex service systems. This gap is particularly important where systems are both 
complex and data-rich. To address this gap, this study provides a comparative analysis of 
analytical, simulation, and learning-based models in the context of stochastic service 
systems. Using real-world systems such as international border-crossing stations and 
healthcare service systems, we evaluate the three methodologies from several key 
dimensions, including modeling assumptions, interpretability, computational requirements, 
and predictive capability. Our key contribution is an integrated decision-support framework 
that clarifies the circumstances under which each methodology is most suitable: analytical 
models guide policy design, simulation models evaluate system performance under realistic 
conditions, and learning-based models generate short-term forecasts. 

The remainder of this paper is organized as follows. Section 2 reviews relevant literature 
on stochastic service systems, waiting-time prediction, and customer decision behavior. 
Section 3 presents a comparative analysis of the three modeling approaches through 
representative applications. Section 4 discusses implications and introduces the integrated 
decision-support framework. Finally, Section 5 concludes and outlines future directions. 
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2. Literature Review 
This section reviews the literature on the three modeling methodologies for analyzing 

stochastic service systems. Rather than providing an exhaustive survey, we focus on key  
representative studies  that illustrate how each methodology has been applied and what 
insights it provides. 

2.1. Analytical models 
Analytical queueing models have long been developed as a mathematical framework 

for analyzing the dynamics of waiting lines. They have been widely applied to service 
systems characterized by stochastic arrivals and service processes. These models typically 
characterize system performance by factors such as arrival rates, service rates, and the 
number of servers. These models allow researchers to obtain closed-form expressions for 
key performance indicators such as expected queue length, expected waiting time, and 
server utilization. Such analytical results provide useful guidance for system design and 
operational policy decisions. In the context of border-crossing systems, Zhang [26] 
developed an analytical model to examine waiting lines under a congestion-based staffing 
policy. The study derived closed-form expressions for expected queue length and waiting 
times under specific operational assumptions and demonstrated how staffing policies 
influence system performance. This work was extended in [27] by incorporating more 
realistic inspection processes through Coxian-distributed service times and addressing 
security-check considerations. Although analytical models provide important theoretical 
insights, they often rely on simplifying assumptions to maintain mathematical tractability. 
Common assumptions include steady-state conditions and Markovian arrival and service 
processes. Under these assumptions, the system can be analyzed using stationary Markov 
chains, while heavy-traffic approximations allow the application of fluid or diffusion 
models to derive approximate system behavior. While these assumptions facilitate 
analytical derivations, they may not always hold in real-world border-crossing operations, 
where arrival rates, service processes, and operational policies can vary significantly over 
time. Consequently, validating and calibrating analytical models using real operational data 
is essential to ensure their reliability and practical applicability. In many cases, analytical 
models serve as useful approximations that provide insights into system behavior, even 
when the underlying assumptions are only partially satisfied.  

Beyond border-crossing applications, analytical queueing models have been widely 
applied to other service systems, particularly call centers and healthcare operations. 
Foundational studies in call-center analysis demonstrate how queueing models can be used 
to derive staffing rules and performance approximations for large-scale service systems, 
including environments with customer abandonment and time-varying demand [8, 9]. In 
particular, the Erlang-A model and many-server approximations provide important insights 
into the trade-offs between service quality and system efficiency. In addition, approximation 
methods such as the stationary independent period-by-period (SIPP) approach have been 
developed to handle nonstationary arrival processes [11]. In healthcare systems, analytical 
queueing models have also been used to study patient flow, appointment scheduling, and 
congestion management, illustrating the continued relevance of analytical modeling when 
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system structure is sufficiently well understood [10]. 
Despite their strengths, analytical models typically rely on simplifying assumptions—

such as steady-state conditions or Markovian dynamics—to maintain tractability. These 
assumptions may limit their applicability in complex and time-varying real-world systems. 
Therefore, analytical models are often best viewed as providing structural insights and 
approximations rather than fully realistic representations of system behavior. 

2.2. Simulation models 
Simulation models have been widely used to analyze stochastic service systems, 

particularly when system dynamics are too complex to be captured by tractable analytical 
models. In contrast to analytical approaches, simulation models provide a flexible 
computational framework that explicitly represents system operations, stochastic variability, 
and complex interactions among system components [17]. Through generating multiple 
realizations of system behavior over time, simulation models can estimate key performance 
measures such as waiting times, queue lengths, and resource utilization under a variety of 
operational scenarios [22]. 

In the context of border-crossing systems, simulation models have been applied to 
evaluate inspection processes, staffing policies, and system performance under different 
operational configurations. For example, Khoshons et al. [16] developed a discrete-event 
simulation framework to evaluate international border-crossing clearance systems, focusing 
on commercial vehicle inspection and pre-screening programs. Their model was used to 
analyze alternative operational scenarios and assess system performance using multiple 
measures of effectiveness. Similarly, micro-simulation approaches have been used to 
evaluate priority crossing programs and border inspection strategies, capturing detailed 
interactions among vehicles, inspection processes, and system control policies [3, 4]. These 
studies demonstrate that the ability of simulation in modeling complex interactions among 
vehicle arrivals, service processes, and operational policies. 

Beyond border-crossing applications, simulation modeling has been extensively applied 
in transportation systems to analyze traffic flow, congestion dynamics, and system 
performance. Simulation models can represent system behavior at different levels of detail, 
ranging from microscopic models that capture individual vehicle behavior to macroscopic 
models that describe aggregate traffic flows. These models enable analysts to evaluate 
infrastructure design and traffic control policies under varying demand conditions and 
operational scenarios. 

Simulation modeling is also widely used in healthcare service systems. Numerous 
studies have applied discrete-event simulation to analyze patient flow, appointment 
scheduling, and resource allocation in healthcare facilities. For example, Jun et al. [14] 
provided a comprehensive survey of simulation applications in healthcare clinics, 
demonstrating how simulation can be used to evaluate system performance under realistic 
assumptions such as stochastic service times and variable patient arrivals. Similarly, Cayirli 
and Veral [6] reviewed outpatient scheduling models and highlighted the role of simulation 
in analyzing appointment systems with no-shows, patient heterogeneity, and time-
dependent demand. These studies illustrate that simulation modeling serves as an important 
decision-support tool for analyzing complex service systems where structure is known but 
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mathematical tractability is limited. 
Despite its flexibility and modeling power, simulation modeling also presents several 

challenges. Developing a reliable simulation model requires detailed knowledge of system 
operations and sufficient data for parameter calibration. In addition, simulation experiments 
can be computationally intensive, particularly when evaluating large-scale systems or 
optimizing multiple decision variables. Nevertheless, simulation remains one of the most 
practical approaches for analyzing stochastic service systems, especially when analytical 
models are infeasible and data-driven models alone cannot fully capture system dynamics. 

2.3. Learning-based models 
Recent advances in data collection and information systems have made learning-based 

approaches increasingly important for analyzing and predicting performance in stochastic 
service systems. Large volumes of operational data, e.g., arrivals, staffing levels, traffic 
conditions, waiting times, weather, and other contextual effects, allow studying complex 
relationships among system variables without entirely relying on traceable analytical 
models. In the literature, an important distinction is between purely data-driven predictors 
and hybrid methods that combine statistical learning with queueing-based structure [1].  

For border crossings, learning-based methods have shown their prediction capability. 
Khan [15] proposed a framework for predicting and displaying delays at road border 
crossings. Lin et al. [18] developed transient multi-server queueing models for border-
crossing delay prediction, showing how traffic flow information and queue dynamics can 
be used for short-term forecasting. Using data of U.S.-Canada border crossings, Yu et al. 
[25] adopted a data-driven approach to manpower planning and showed that both arrival 
rates and service rates vary systematically with time of day and operating conditions. For 
commercial trucks, Moniruzzaman et al., [19] used artificial neural networks (ANNs) to 
predict short-term crossing times and traffic volumes. More recently, Sharma et al. [20] 
applied gradient boosting and random forest regression to predict commercial vehicle wait 
times at a U.S.–Mexico border crossing. These studies collectively show that learning-based 
approaches can significantly improve prediction performance in data-rich service 
environments.  

Related work in other service settings points in the same direction. In emergency 
departments, Sun et al. [21] used quantile regression for real-time waiting-time prediction. 
Ang et al. [1] proposed Q-Lasso, a hybrid method that combines statistical learning with 
fluid-model estimators and outperformed rolling averages and standalone fluid estimators 
across several hospitals. Arora et al. [2] extended this line by using quantile regression 
forests to generate probabilistic, rather than only point, forecasts of emergency-department 
waiting times. More generally, Chocron et al. [7] compared queueing-theoretic and 
machine-learning approaches for multiclass service systems and showed that machine 
learning is not uniformly superior. In certain settings, queueing-based models can perform 
comparably or even better than ML models while requiring less computation.  

Overall, the literature suggests that learning-based models are especially valuable when 
service systems are data rich, highly time varying, and characterized by nonlinear 
interactions that are difficult to specify analytically. However, these approaches also have 
important limitations. They typically require substantial amounts of high-quality data, may 
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degrade when operating conditions shift, and often provide less interpretability than 
structural queueing models. Therefore, learning-based methods may provide limited 
prescriptive insight for designing operational policies in stochastic service systems. The 
most promising direction may be not to replace analytical or simulation models, but to 
integrate the three approaches in a unified framework that combines domain structure with 
prediction capabilities. 

2.4. Our contributions 
Although a substantial body of literature exists on analytical queueing models, 

simulation models, and learning-based models for stochastic service systems, these research 
streams have largely developed independently. Analytical models focused on deriving 
structural performance measures under simplifying assumptions, simulation models 
emphasize realistic system representation and policy evaluation, and learning-based 
approaches prioritize predictive accuracy using empirical data. However, relatively little 
research has systematically examined how these three modeling paradigms compare when 
applied to complex service systems. This study makes three contributions.  

First, we provide a unified comparative framework for understanding analytical 
modeling (AM), simulation modeling (SM), and learning-based modeling (LM) in 
stochastic service systems and support operational decision making. By comparing these 
methodologies in terms of interpretability, modeling realism, computational requirements, 
and predictive capability, we clarify the contexts in which each approach is most appropriate.  

Second, the paper illustrates the comparative strengths and limitations of these 
approaches through representative applications, including international border-crossing 
operations and healthcare service systems. These examples demonstrate how the suitability 
of each approach depends on the system characteristics, such as structural knowledge, 
system complexity, and data availability. 

Third, the study proposes a practical decision-support framework that can guide 
researchers and practitioners in selecting appropriate modeling methodologies under 
different circumstances. In this framework, analytical models are shown to be particularly 
valuable for deriving structural insights and optimizing policy parameters when system 
assumptions are reasonably satisfied; simulation models are useful for evaluating 
operational policies and exploring system behavior under complex and uncertain conditions; 
and learning-based models are most effective for forecasting system performance when 
large datasets are available and the relationships among variables are difficult to specify 
analytically.  

Finally, the paper emphasizes the complementary roles of these methodologies rather 
than treating them as competing alternatives. By integrating analytical insights, simulation-
based experimentation, and data-driven prediction techniques, decision makers can develop 
more comprehensive insights into managing complex stochastic service systems. 

3. Analysis of Three Modeling Approaches 
In this section, we compare three major modeling methodologies for stochastic service 

systems: analytical modeling (AM), simulation modeling (SM), and learning-based 
modeling (LM). Each methodology provides a distinct perspective for understanding system 
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behavior and supporting operational decision making. Analytical models emphasize 
mathematical tractability and structural insight, simulation models focus on realistic 
representation of system dynamics, and learning-based models leverage empirical data to 
generate predictive models. 

To illustrate the characteristics of these approaches, we examine two representative 
service systems characterized by congestion and operational uncertainty. The first example 
is an international border-crossing system between Washington State in the United States 
and the province of British Columbia in Canada. This system represents a typical stochastic 
service system in which travelers arrive randomly, service times vary across inspection 
booths, and congestion levels fluctuate throughout the day. The second example is a 
specialist medical clinic, where patients are scheduled for consultation with a physician and 
service durations are highly variable. Both systems exhibit stochastic arrivals, uncertain 
service times, and operational decision variables that influence system performance. These 
examples allow us to examine how the three modeling approaches perform under practical 
conditions and to highlight their respective strengths and limitations. We evaluate the 
approaches along several key dimensions, including modeling transparency, realism of 
system representation, data requirements, computational complexity, and predictive 
capability. By analyzing the same types of service systems using different methodologies, 
we aim to clarify when each approach is most effective and how they can complement one 
another in supporting decision making for complex service systems. 

3.1. Analytical model approach 
Analytical modeling has long been one of the primary methodologies for studying 

stochastic service systems. In analytical models, system behavior is represented through 
mathematical equations that describe the relationships between input variables and system 
performance measures. By solving these equations, researchers can derive explicit 
expressions for key performance indicators such as waiting times, queue lengths, and server 
utilization. Several classical analytical results in queueing theory illustrate the power of this 
approach. One well-known example is the family of Erlang formulas, including Erlang B, 
Erlang C, and Erlang A models, which were originally developed to analyze telephone 
traffic systems. These models provide closed-form expressions for important performance 
measures such as blocking probabilities and waiting-time distributions in multi-server 
systems. Despite being developed more than a century ago, Erlang-type models continue to 
serve as fundamental tools for analyzing modern service systems such as call centers, 
telecommunications networks, and customer service operations. Another influential 
analytical result is Whitt’s square-root staffing rule, which provides a simple approximation 
for determining the appropriate number of servers required in large-scale service systems 
[12]. Under this rule, the number of required servers is approximately given by 𝑠𝑠 = 𝑎𝑎 +
𝛽𝛽√𝑎𝑎 ,  where a is offered load, a ratio of arrival rate to service rate, and 𝛽𝛽 represents a 
parameter reflecting the desired service quality level. This formula reveals an important 
structural insight: the number of servers required to maintain acceptable service levels 
grows proportionally to the square root of the system load rather than linearly with demand. 
Such insights are difficult to obtain without analytical modeling. This result has been widely 
used and further refined in the literature [13, 24]. These classical examples demonstrate that 
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analytical models can produce closed-form expressions that reveal the underlying structure 
of service systems. Such structural insights are particularly valuable for designing 
operational policies and optimizing decision variables, making analytical modeling an 
important tool for prescriptive analytics.  

To illustrate how analytical modeling can be applied to border-crossing systems, we 
refer to the work by Zhang [26]. In this model, vehicles arrive randomly at a border-crossing 
inspection station and are served by multiple inspection booths. To capture characteristics 
of the system operations, Zhang [26] introduced a congestion-based staffing (CBS) policy, 
in which the number of open inspection booths changes according to predefined congestion 
thresholds. By analyzing the steady-state behavior of this system, Zhang [26] derived 
closed-form expressions for several important performance measures, including the 
expected queue length, the expected waiting time of vehicles, and the probability 
distribution of the number of vehicles in the system. Here is a summary of assumptions 
made in Zhang [26]: 
(1) The customers (cars) arrive at the border-crossing station according to a Poisson process 

with a time-dependent arrival rate λ. 
(2) The service time of each server (inspection booth) follows the same exponential 

distribution with a rate µ. 
(3) The number of servers on duty can be either at a high level c, maximum number of 

servers available, or at a low level c − e, depending on the queue length. Whenever 
the number of waiting customers is greater than a threshold N and the system is at 
a low staffing level (i.e. c − e servers on duty), the e servers will resume serving the 
queue or the number of servers increases from c − e to c. Whenever the number of 
idle servers reaches e, these e servers are shut down and will resume service until the 
queue length reaches N again. Such a service-capacity-change cycle repeats. 

(4) The whole system has been operating for a long time and the steady-state (stationary 
state) has been reached. 

(5) There is no set-up time to add additional servers when the queue exceeds N. 
Under these assumptions, we can treat the border-crossing station as an M/M/s queue 

with s switches between c and c − e. The system performance measures such as expected 
waiting time (or queue length) and operating cost can be computed by some closed-form 
formulas derived by Zhang [26]. For example, the expected queue length (including 
customers in service) under the CBS policy can be expressed as the function of the policy 
parameter N , a nice formula as follows: 

 2( ) ( ) / 2( )≈ + + +E L kN lN q kN r   (1) 

where k, l, q, and r can be computed from the system parameters such as arrival rate (λ), 
service rate (µ), maximum number of inspection booths (c), and the number of idle inspection 
booths to be shut down (e). The details of computing  k, l, q, and  r can be found in Zhang [26]. 
With these formulas, it is very easy to develop a cost or profit function to optimize the CBS 
policy. For example, under a given cost structure such as the unit customer (vehicle) waiting 
cost rate h and staffing level changeover cost S, a cost minimization threshold can be 
expressed by a nice square root formula: 
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Another advantage of this analytical approach is that there are not many parameters 
involved (only l, ,µ  c and e). Thus, we do not need a lot of empirical data for parameter 
calibration. These formulas clearly illustrate how system performance depends on key 
operational parameters such as the arrival rate, the service rate, the number of inspection 
booths, and the congestion threshold used in the staffing policy. Such explicit relationships 
are one of the main advantages of analytical modeling, because they provide direct insights 
into how operational decisions influence system performance. 

However, these advantages rely on simplifying assumptions that ensure mathematical 
tractability. These assumptions may not hold in many practical scenarios. First, Assumption 
1 may be violated if the arrival rate varies over time. In practice, arrival rates often depend 
on the time of day and may be represented as a time-dependent function, denoted by λ(t), 
particularly when the planning horizon spans several hours (e.g., 8 or 24 hours). Second, 
the service time (inspection time) may not follow an exponential distribution. In reality, 
inspection durations may follow a phase-type distribution, as illustrated in [27], or even a 
distribution with time-dependent parameters. Furthermore, inspection booths may be 
operated by officers with different experience levels, leading to heterogeneous service rates 
across servers. Under such circumstances, Assumption 2 may also be violated. Third, the 
actual staffing policy may involve multiple staffing levels that change dynamically or 
irregularly over time due to various reasons, rather than only two fixed levels as assumed in 
the analytical model. Because of the violation of the first three assumptions, Assumption 4, 
which typically relies on steady-state conditions, may also fail to hold in practice. Finally, 
Assumption 5 may not be realistic because opening an inspection booth often requires a 
significant setup time, such as opening the gate and activating the computer system used for 
processing travelers. Unfortunately, incorporating non-zero setup times (or changeover 
times) into analytical models can greatly increase the mathematical complexity of the model 
and may even render the problem analytically intractable. In summary, a key limitation of 
the analytical modeling approach is that obtaining tractable closed-form results often 
requires a number of simplifying assumptions, some of which may not be fully satisfied in 
real operational environments. 

Despite these limitations, analytical models, despite moderate violations of the 
assumptions, can still remain reasonably accurate to predict system performance and guide 
the design of operational policies. For example, when the arrival rate varies over time (a 
violation of Assumption 1), the planning horizon can be divided into a number of shorter 
time intervals, such as one- or two-hour periods. Within each interval, the system can be 
approximated as a stationary system with a constant arrival rate. This approach is commonly 
referred to as the stationary independent period-by-period (SIPP) approximation, which was 
proposed by Green et al. [11]. The SIPP approximation works well when the stationary 
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system formulas are relatively robust with respect to moderate variations in arrival rates 
within each time interval. The effectiveness of this approximation has been confirmed in 
several real-world studies, including Zhang [26]. Readers are therefore referred to these 
studies for examples in which analytical models can still provide reasonably accurate 
approximations for real operational systems. A similar robustness analysis can be conducted 
when the assumption of exponentially distributed service times (Assumption 2) is violated. 
In the context of border-crossing stations, inspection times may follow empirically observed 
distributions rather than the exponential distribution assumed in the analytical model. For 
example, Lin et al. [18] suggested that inspection times can be reasonably approximated by 
an Erlang-2 distribution. In such cases, the robustness of the analytical model can be 
evaluated by simulating the system using empirically observed service-time distributions 
and comparing the simulation results with the performance measures predicted by the 
analytical model developed in Zhang [26], such as the formulas presented in Equation (1). 
Simulation experiments indicate that, for mean-based performance measures such as 
expected queue length or expected operating costs, the analytical model can remain 
reasonably robust even when the service-time distribution deviates from the exponential 
assumption. In particular, Zhang’s analytical model provides fairly accurate predictions 
when service times follow Erlang-distributed inspection times as proposed by Lin et al. [18]. 
However, for distribution-based performance measures, such as the risk profile or 
variability of system performance, the robustness of analytical models may become more 
questionable. In such situations, simulation models provide a useful complementary tool for 
evaluating system performance under more realistic assumptions. For systems in which 
Assumption 3 is not satisfied, the analytical model may no longer be applicable because the 
resulting system becomes significantly more complex and closed-form formulas are generally 
not obtainable. In practice, however, staffing levels at border-crossing stations during peak 
periods are often adjusted infrequently, and the use of two staffing levels (low and high) can 
serve as a reasonable approximation during these busy periods. It should also be noted that 
changing staffing levels requires a certain amount of setup time, and such temporary service 
interruptions may increase congestion levels significantly during rush hours. In general 
operational environments, however, staffing policies may involve multiple staffing levels that 
change dynamically depending on the queue length or congestion level. When such multi-
level dynamic staffing policies are introduced, the resulting analytical model becomes 
considerably more complicated, and deriving closed-form formulas for system performance 
measures becomes extremely difficult or even infeasible. In such cases, numerical methods 
or simulation approaches are typically required to evaluate system performance. Similarly, 
when the system does not reach a steady state or when Assumption 4 is violated, analytical 
models may become difficult to apply because time-dependent system dynamics can make 
the analysis mathematically intractable. Nevertheless, if the primary interest lies in mean-
based performance measures, the steady-state formulas derived from analytical models may 
still provide useful approximations for transient systems. Another important factor is the setup 
time required for staffing level changes. In many analytical models of stochastic service 
systems, setup times are assumed to be zero because incorporating non-zero setup times often 
leads to substantial analytical complexity and may render the model intractable. This 
assumption explains the use of Assumption 5 in many analytical formulations. In reality, 
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however, setup times are typically non-zero and may significantly affect system performance. 
Ignoring such setup times may therefore introduce bias into the analytical results. 

It is worth noting that in practice - particularly during non-peak periods - the staffing 
level (i.e., the number of open inspection booths) may not follow a deterministic rule but 
may change randomly depending on operational circumstances. Under such conditions, both 
analytical models may face difficulties in representing the system accurately. In such 
situations, alternative approaches such as learning-based models that rely on historical 
operational data may be more appropriate. 

In summary, analytical modeling provides a powerful framework for studying 
stochastic service systems and can yield valuable structural insights through closed-form 
formulas. These analytical results help reveal key system parameters—such as arrival rates, 
service rates, and staffing level—affect system performance and therefore provide 
important guidance for policy design and decision making. However, its applicability often 
depends on the validity of simplifying assumptions. When these assumptions are not fully 
satisfied, analytical formulas may still provide useful approximations for certain 
performance measures, but their accuracy and applicability may become limited. In 
situations where system dynamics are too complex to be represented by tractable 
mathematical models, we should consider alternative modeling approaches when analyzing 
system behavior. 

3.2. Simulation model approach 
Simulation modeling provides a flexible computational framework for analyzing 

stochastic service systems whose dynamics are too complex to be represented by tractable 
analytical models. Unlike analytical modeling, which relies on mathematical equations and 
closed-form formulas, simulation models represent system operations explicitly that mimic 
the evolution of the system over time. By repeatedly generating random realizations of 
system events such as arrivals, service completions, and routing decisions, simulation 
models can estimate key performance measures including waiting times, queue lengths, and 
resource utilization.  

Under the SM approach, the system dynamics is modeled as the interaction of random 
variables, which are classified into independent and dependent variables. Values of each 
independent random variable (also called input variable) are randomly generated (or 
sampled) based on its probability distributions. Values of each dependent random variable 
(also called intermediate or output variable) are computed based on the relations with the 
independent variables. The goal of the simulation approach is to find system statistical 
behaviors by repeating a large number of replications.  

A key advantage of simulation modeling is its ability to incorporate realistic system 
features that are often difficult to capture in analytical models. For example, simulation 
models can accommodate time-dependent arrival patterns, general service-time 
distributions, heterogeneous servers, dynamic staffing policies, and non-zero setup times 
when opening or closing service stations. These features allow simulation models to 
represent operational complexities commonly observed in real service systems with fewer 
structural assumptions.  
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Figure 1. Four Border-Crossing Stations between Blaine and Sumas, WA 

 (Surrey and Abbotsford, BC). 
 

Figure 2. A parallel queueing system (supermarket model). 
To illustrate the simulation modeling approach, consider again the border-crossing 

system introduced earlier. In practice, vehicles arriving at a border region may choose 
among multiple border-crossing stations based on factors such as travel distance, expected 
waiting times, or publicly available congestion information, as illustrated in Figure 1. Such 
traveler routing behavior can significantly affect congestion levels at different crossing 
locations. Incorporating these behavioral interactions into an analytical model can be 
extremely difficult. This kind of multi-queue configuration is called parallel queueing 
system as illustrated in Figure 2 and can be extremely difficult to analyze using the AM 
approach with customer choice behavior. However, a simulation model can be developed 
to include these complicating factors explicitly. For example, a discrete-event simulation 
model based on Arena can generate vehicle arrivals, simulate inspection processes at 
multiple booths, incorporate traveler routing decisions among multiple border-crossing 
stations, and evaluate the impact of alternative staffing policies on system performance, as 
illustrated in Figures 3 to 7. 
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Simulation modeling is also widely used in healthcare service systems, such as 
specialist medical clinics where patients are scheduled to receive consultation from a 
physician. A representative example, based on one of the authors’ consulting projects, 
involves scheduling patients in a specialist physician’s clinic where AM approach fails.  

 

 
Figure 3: Inter-Dependent Systems with Information Sharing. 

 
 

 
Figure 4. Independent Systems without Information Sharing. 
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Figure 5. Some results for flow allocation based on service capacities of ports of entry. 
 
 

 

Figure 6. Some results for flow allocation based on wait information disclosure. 
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Figure 7. Some results based on real flows to the p. 
The example concerns a urology clinic located in British Columbia, Canada. This clinic 

maintains a long waiting list of patients who are referred by family physicians for 
consultation. An important operational task for the clinic is to determine how many patients 
should be scheduled for consultation on each working day. The consultation time required 
for each patient is random and follows a probability distribution whose parameters (e.g., 
mean and standard deviation) can be estimated from historical operational data. A major 
challenge facing the scheduler is to determine the appropriate number of patients to schedule 
each day while balancing several operational objectives. These objectives include 
minimizing the waiting time experienced by patients who arrive for their appointments, 
minimizing overtime working hours for the physician and supporting staff, and maximizing 
the number of patients served per day in order to reduce the backlog of patients on the 
waiting list and/or maximizing the clinic’s profit. For example, if the clinic operates for 
eight hours per day (i.e., 480 minutes) and the mean consultation time for a patient is 30 
minutes, scheduling 16 patients might initially appear to be reasonable based on a simple 
mean-value calculation. However, because consultation times are stochastic rather than 
deterministic, such a mean-based scheduling rule can perform poorly in practice. The 
variability in service times may lead to substantial patient waiting times during the day or 
significant overtime working hours for the physician and clinic staff. From a queueing 
modeling perspective, the clinic service process can be represented as a D/G/1 model with 
a finite operating horizon each day, where patients arrive according to a predetermined 
appointment schedule and service times follow a general probability distribution. 
Additionally, the system never reaches steady state. In this setting, key performance 
measures—such as average patient waiting time and staff overtime—cannot be obtained in 
closed form using classical analytical queueing models such as the M/M/1 queue, which 
typically assume Markovian dynamics and steady-state operating conditions. The failure of 
these assumptions makes traditional analytical modeling approaches difficult to apply in 
this context. In contrast, a simple simulation model, such as a spreadsheet-based simulation 
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implemented in Excel, can be constructed relatively easily to evaluate system performance 
under different scheduling policies. By simulating patient arrivals and consultation times, 
the model can estimate important performance measures such as average patient waiting 
time and total overtime working hours. Decision variables such as the number of patients 
scheduled per day or the spacing between appointment times can then be adjusted to 
evaluate different scheduling policies. For example, under a specified cost structure that 
accounts for patient waiting time and staff overtime costs, the simulation model can be used 
to identify an appropriate number of patients to schedule each day. Figures 8 and 9 illustrate 
such a simulation model and its application to policy optimization. Using this approach, the 
simulation analysis indicates that scheduling approximately 35 patients per day provides a 
reasonable balance between reducing patient waiting times, controlling staff overtime, and 
improving the utilization of clinic resources.  

In summary, simulation modeling provides a flexible and practical approach for 
analyzing stochastic service systems when analytical models become mathematically 
intractable or when system assumptions are difficult to justify. By explicitly representing 
system operations and generating stochastic realizations of system events, simulation 
models allow for evaluating system performance under realistic operating conditions and 
for conducting what-if analyses by adjusting decision variables under alternative operational 
policies. Despite these advantages, simulation modeling also presents several challenges. 
Developing a reliable simulation model typically requires detailed knowledge of the system 
structure and the relationships among key variables. In addition, simulation experiments can 
be computationally intensive, especially when evaluating large-scale systems or performing 
optimization studies.  

 

 
Figure 8. A Spreadsheet-based Simulation Model for a specialist clinic. 
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Figure 9. Average Profit of Clinic. 

In many modern service systems, particularly those supported by advanced information 
technologies, the underlying relationships among variables may be unknown or be too 
complex to model analytically or through detailed simulation structures. However, large 
amounts of operational data are available. In such situations, data-driven approaches, such 
as machine or deep learning, provide an alternative modeling framework for predicting 
system performance. 

3.3. Learning-based model approach 
Learning-based models provides a data-driven approach for modeling stochastic service 

systems when the relationships between input variables and system performance measures 
are difficult to specify analytically or through explicit simulation logic. By learning patterns 
directly from historical data, these models can capture complex relationships among 
variables and generate forecasts of system performance. Recent advances in information 
technology have enabled service systems to collect and store large amounts of operational 
data. For example, modern border-crossing stations routinely record information such as 
vehicle arrival times, waiting times, traffic volumes, weather conditions, and other 
contextual variables (Cascade Gateway, https://www.cascadegatewaydata.com/CustomQuery; 
U.S. Customs and Border Protection, https://bwt.cbp.gov/). These datasets provide valuable 
opportunities to apply machine learning techniques to develop predictive models of border-
crossing congestion. To illustrate the learning-based models, consider again the border-
crossing system discussed earlier. The main reason for utilizing this system is due to the 
system complexity and availability of data. The objective in this case is to predict future 
waiting times at a particular border-crossing station based on historical observations and 
other relevant explanatory variables. A data-driven model can be trained using past data. 
Once trained, the model can generate predictions of future waiting times, which can then be 
used to provide information to travelers or to assist authorities in managing border-crossing 
operations. In practice, such prediction models can be formulated either as a regression or a 
classification problem. In a regression framework, the model directly predicts the expected 
waiting time as a continuous variable. Alternatively, in a classification framework, the 
model is to predict the waiting time in several predefined levels (for example, short, medium, 
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or long waiting times), along with their corresponding probabilities. Such probabilistic 
predictions can provide useful information for travelers and decision makers when 
evaluating alternative travel routes or border-crossing locations. 

Data Collection: The border-crossing stations between Washington State in the United 
States and the province of British Columbia in Canada are among the busiest land border 
crossings in North America, handling millions of vehicles each year. During peak travel 
periods and holidays, heavy traffic can lead to significant delays and congestion. In recent 
years, technologies such as automated border kiosks and RFID-based systems have enabled 
the automatic collection of operational data at these facilities. Waiting-time and traffic data 
for several border-crossing stations in northwestern Washington and the Lower Mainland 
of British Columbia are publicly available from an official border-crossing information 
website. In this study, we use data from this source, and the key variables are summarized 
in Table 1. 

Table 1. Characteristics of Data Set. 
Time period:  
2025-07-01-2025-12-31  

Direction: southbound 
(entering US from Canada) Vehicle type: cars 

Window size: 5 minutes Number of rows 
(observations) : 309,804 

Number of columns (feature 
and label variables): 47 

Ports of entry: Peace Arch (PA), Pacific Highway (PH), Lyn- den/Aldergrove (LA), 
Sumas/Huntingdon (SH) 

 
To develop machine learning models, it is necessary to define the input variables 

(features) and output variables used for prediction. The selected variables are summarized 
in Table 2. The input variables include time-related variables (e.g., month, day, hour, and 
minute), indicators for weekdays and holidays, and operational variables describing the 
system state at each port of entry, such as delay, queue length, number of vehicles in queue, 
service rate, traffic volume, and lane availability. The output variables correspond to the 
predicted waiting times at the four ports of entry (LA, PH, PA, and SH) for several 
prediction horizons (5, 15, 30, and 60 minutes ahead). 

The variable EffectiveStart, which represents the start time of each five-minute 
observation window, was converted to a date-time format to facilitate time-based analysis. 
The dataset was then divided into training, validation, and testing subsets. The border-
crossing dataset is automatically recorded 24 hours per day and 7 days per week by the 
border information system (Cascade Gateway, n.d.). A Python program was developed to 
retrieve the XML data and extract the number of open lanes at each port of entry. Based on 
these observations, the most frequent value (mode) of open lanes for each port and time 
period was used to construct four additional input variables: OpenLanes-LA, OpenLanes-
PH, OpenLanes-PA, and OpenLanes-SH. These variables were then incorporated into the 
machine learning models to improve the prediction of border-crossing delays. 
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Table 2. Input and output variables for LM models. 

Input Variables (Selected columns of data set): 
Output Variables (Variables to be 
predicted): the delays at the four ports of 
entry in 5, 15, 30, and 60 minutes later: 

EffectiveStart: start time of each 5-min window;  
Month: month 1-4; 
Day: day of the month 1-31;  
Hour: hour of the day 0-23;  
Minute of hour: 0, 5, 10, ..., 55; 
Weekday: whether it is a weekday, 0 or 1;  
Holiday: whether it is a US/Canada holiday; 
Delay-LA, Delay-PH, Delay-PA, Delay-SH: the average delay at 
the four ports of entry;  
QueueLength-LA, QueueLength-PH, QueueLength-PA, 
QueueLength-SH: the average queue length at the four ports of 
entry; 
VehiclesInQueue-LA, VehiclesInQueue-PH, VehiclesInQueue-PA, 
VehiclesInQueue-SH: the average vehicles in queue at the four 
ports of entry; 
ServiceRate-LA, ServiceRate-PH, ServiceRate-PA, ServiceRate-
SH: the average service rate at the four ports of entry; 
Volume-LA, Volume-PH, Volume-PA, Volume-SH: the average 
volume at the four ports of entry;  
Availability-LA, Availability-PH, Availability-PA, Availability-
SH: the average availability at the four ports of entry. 

“Delay-LA-5min”: Wait time in 5 min at LA; 
“Delay-PH-5min”: Wait time in 5 min at PH; 
“Delay-PA-5min”: Wait time in 5 min at PA; 
“Delay-SH-5min”: Wait time in 5 min at SH; 
“Delay-LA-15min”: Wait time in 15 min at LA; 
“Delay-PH-15min”: Wait time in 15 min at PH; 
“Delay-PA-15min”:  Wait time in 15 min at PA; 
“Delay-SH-15min”:  Wait time in 15 min at SH; 
“Delay-LA-30min”: Wait time in 30 min at LA; 
“Delay-PH-30min”: Wait time in 30 min at PH; 
“Delay-PA-30min”: Wait time in 30 min at PA; 
“Delay-SH-30min”: Wait time in 30 min at SH; 
“Delay-LA-60min”: Wait time in 60 min at LA; 
“Delay-PH-60min”: Wait time in 60 min at PH; 
“Delay-PA-60min”: Wait time in 60 min at PA; 
“Delay-SH-60min”: Wait time in 60 min at SH; 

Model Selection: To forecast future border waiting times, we consider six models from 
three classes: (1) machine-learning models: Random Forest and XGBoost; (2) deep-learning 
models: Long Short-Term Memory (LSTM) networks with dropout and Temporal 
Convolutional Network (TCN); and (3) traditional time-series models Moving Average 
(MA) and Exponential Smoothing (ES). These models capture different characteristics and 
complexities of the dataset. Because the analytical modeling (AM) and simulation modeling 
(SM) approaches are difficult to apply in this context due to non-stationary traffic patterns 
and complex relationships among many variables, our goal is to examine whether these 
data-driven models can outperform a naive forecasting method currently used in border-
crossing operations. The naive forecasting approach estimates future waiting time by using 
the current queue length or current delay as the prediction for the next time period. For 
example, if the current queue length is 50 vehicles and the average service time per vehicle 
is assumed to be one minute, the predicted waiting time would be 50 minutes. This estimate 
is updated periodically as new queue-length information becomes available. However, this 
approach implicitly assumes that system conditions remain stationary within the forecasting 
horizon, which is often unrealistic for border-crossing systems. Another limitation of the 
naive approach is that providing only the average waiting time may not offer sufficiently 
useful information for travelers. In practice, it may be more informative to provide a range 
or an interval for the expected waiting time rather than a single point estimate. One way to 
achieve this is to categorize waiting times into several discrete delay levels. Based on 
historical data, we can produce boxplots over a 12-hour daytime period to show the wait 
time distribution as shown in Figure 10. Based on the wait time distribution, we notice the 
proportions in the following three intervals: 1-10: 69.6% , 10-30: 16.1%,  and  Over 30: 
14.4%.  We utilize these three intervals as three wait time classes representing three 
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congestion levels, as shown in Table 3. This approach turns the machine learning model 
into a classification type, labeled as 10/30 3-class model, although more than three category 
classification or the regression can be applied to produce multi-class delay or average wait 
forecasts (reported in online Appendix – website is available upon request).  

Table 3. Waiting time classes. 
Waiting time interval Waiting time class interpretation 
0-10 minutes: This range represents very short wait times, indicating minimal delays 
10 to 30  minutes: This range captures medium delays 
Over 30 minutes: This range represents long delays  

 

Figure 10. Waiting time distribution over 12-hour daytime period. 

Table 4 summarizes model parameter selections, the optimal window size for the 
moving average (MA) model is empirically determined and provides a reasonable balance 
between smoothing historical observations and maintaining responsiveness to short-term 
fluctuations. Similarly, exponential smoothing constant for ES is appropriately chosen 
based on trial and error. For the machine learning models, key parameters for Random 
Forest and XGBoost, such as the number of trees, maximum tree depth, and learning rate, 
were tuned to improve predictive performance. For the deep learning model LSTM and 
TCN, parameters including the number of layers, number of hidden units, learning rate, and 
dropout rate were carefully selected to balance model complexity and prediction accuracy. 

Evaluation Metrics: Evaluating classification models involves assessing their 
performance using a variety of metrics. Each metric offers insights into different aspects of 
the model’s predictive capabilities.  We also conducted other multi-class models such as 6-
class model reported in Appendix, which has more imbalanced classes (i.e. some long-wait 
classes have fewer data points than short-wait classes). Compared with more heavily 
imbalanced class definitions, the 10/30 split should make the middle and upper classes 
easier to learn. Macro precision, recall, and F1 are especially important here because they 
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Table 4. Model parameter settings used in the 10/30 3-class experiment. 

Model Configuration 

Moving 
Average 

Horizon-aware rolling mean window: 3 (5 min), 6 (15 min), 12 (30 min), 24 
(60 min); point forecasts converted to 3-class probabilities using a Gaussian 
residual model 

Exponential 
Smoothing 

Horizon-aware smoothing parameter (a): 0.40 (5 min), 0.30 (15 min), 0.20 (30 
min), 0.15 (60 min); point forecasts converted to 3-class probabilities using a 
Gaussian residual model 

Random Forest 
600 trees; max depth 18; min samples split 20; min samples leaf 5; max features 
= �𝑝𝑝; bootstrap = TRUE; balanced subsampling; random state = 42 

XGBoost 
Multi-class soft probability objective; 800 trees; learning rate 0.03; max depth 
6; min child weight 5; subsample 0.8; column sample 0.8; (L2) regularization 
1.0; (L1) regularization 0.1; evaluation metric = multiclass log-loss 

TCN 
Sequence length 36; 4 hidden layers with 64 channels each; kernel size 3; 
dropout 0.10; batch size 256; 60 epochs; patience 10; learning rate (5×10-4); 
weight decay (10-5); gradient clipping 1.0 

LSTM 
Sequence length 60; hidden size 64; 1 recurrent layer; head hidden size 128; 
dropout 0.0; batch size 64; 60 epochs; patience 10; learning rate (3×10-4); 
gradient clipping 2.0; class-weighted cross-entropy loss 

reveal whether models are performing well across all three classes rather than only the 
dominant low-delay class. Table 5 reports the overall prediction performance of the 
competing models for the three-class delay classification problem in terms of these major 
metrics. Among all models, XGBoost achieves the highest overall accuracy (0.8989) and 
strong performance across the macro-averaged precision, recall, and F1 metrics. The 
Random Forest model also performs competitively, with slightly lower accuracy but 
comparable F1 score. These results indicate that tree-based ensemble learning models are 
particularly effective for this type of structured operational dataset. The deep learning 
models, Temporal Convolutional Network (TCN) and LSTM, achieve reasonable predictive 
performance but do not outperform the tree-based models in this setting. This result is 
consistent with previous studies showing that deep learning models may not always provide 
significant advantages over ensemble tree methods when applied to tabular datasets with 
limited temporal structure. In contrast, the traditional statistical models, Moving Average 
and Exponential Smoothing, perform noticeably worse than the machine learning models, 
although they still provide reasonable baseline forecasts. Overall, these results demonstrate 
that learning-based models can significantly improve delay prediction accuracy compared 
with traditional time-series forecasting approaches, suggesting their potential usefulness for 
performance evaluation of stochastic service systems such as creating traveler information 
systems at border-crossing stations.  
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Table 5. Overall performance metrics of forecasting models  
(means across all prediction targets). 

Model Accuracy Macro 
Precision 

Macro 
Recall 

Macro 
F1 

XGBoost 0.8989 0.7732 0.7206 0.7346 
Random Forest 0.8915 0.7373 0.7698 0.7468 
Temporal Convolutional 

Network (TCN) 
0.8794 0.7468 0.6839 0.7010 

Exponential Smoothing 0.8544 0.6631 0.6544 0.6576 
Moving Average 0.8480 0.6445 0.6352 0.6364 
LSTM 0.8453 0.6615 0.5983 0.6025 
 
Figures 11 and 12 illustrate the hourly prediction accuracy for the Peace Arch (PA) 

crossing under weekday and weekend traffic conditions (more results for other 
performance metrics at different ports are provided in Appendix). The dashed curve 
represents the average observed waiting time, allowing us to examine how forecasting 
performance varies with congestion levels. Several interesting patterns can be observed. 
First, prediction accuracy tends to decline during the period when congestion begins to 
increase rapidly (transient behavior of the stochastic process). In both figures, the drop in 
accuracy occurs slightly before the peak waiting time, indicating a lagging relationship 
between prediction performance and the evolution of congestion. This pattern suggests that 
forecasting models encounter the greatest difficulty during the transition from low 
congestion to rapidly increasing demand. Once the congestion level stabilizes (steady-state 
behavior of the stochastic process), prediction accuracy generally improves again even 
though the waiting time remains relatively high. Second, prediction performance on 
weekends appears more volatile than on weekdays. Weekend traffic exhibits sharper 
increases in congestion and larger fluctuations in accuracy, indicating that weekend travel 
patterns may be less regular (or more non-stationary) and therefore more difficult to predict. 
Overall, the results suggest that prediction accuracy is influenced not only by the level of 
congestion but also by the rate at which traffic conditions change. 

 
Figure 11. Weekday prediction accuracy at the Peace Arch (PA) crossing- southbound for 

cars. 
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Figure 12. Weekend prediction accuracy at the Peace Arch (PA) crossing – southbound for 

cars. 
Based on extensive experiments, it is observed that when system dynamics become 

highly time-dependent and non-stationary, both analytical and learning-based approaches 
may face substantial difficulty in providing accurate and reliable performance predictions. 
In such situations, simulation modeling often becomes the most dependable methodology, 
because it can explicitly represent complex operational dynamics without requiring closed-
form assumptions or stable statistical relationships.  

Figure 13 further illustrates the probabilistic forecasts generated by the XGBoost 
classification model for the Peace Arch crossing during weekend mornings. The stacked 
areas represent the predicted probabilities for the three classes of waits. As the actual 
waiting time increases, the model gradually reallocates prediction confidence from the 
low-delay class to the medium-delay class and eventually to the high-delay class. 
Compared with the weekday case, the weekend patterns appear less smooth and more 
irregular, reflecting the greater variability and less predictable nature of weekend traffic 
conditions. This result is consistent with the earlier accuracy figures, which showed that 
prediction performance on weekends is generally more volatile than on weekdays. 
Nevertheless, the classification-based approach still captures the overall progression of 
congestion levels and provides probabilistic information about future delays, which may 
be more informative for travelers and border management authorities than a single point 
estimate (produced by regression and presented in Appendix). 
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Figure 13. Weekend probabilistic forecasts based on the 3-class of waits at the Peace Arch 

crossing. 
To further understand how the learning-based model makes its predictions, we 

examine the relative importance of the input variables used in the classification model. 
Figure 14 presents the feature importance ranking obtained from the Random Forest model 
for the three-class delay prediction problem. An interesting observation is that the most 
influential variables in the learning-based model differ from those typically emphasized in 
analytical queueing models. In classical analytical models of queueing systems, the key 
parameters are usually the arrival rate (traffic volume), service rate of servers, and the 
number of servers (e.g., open lanes), which determine the steady-state behavior of the 
system. However, in the learning-based model, variables related to the current system state, 
such as the number of vehicles in queue and the current delay levels at nearby ports of 
entry, appear to be much more important predictors. One possible reason for this difference 
is that analytical models are typically designed to analyze steady-state performance 
measures, whereas the machine learning models in this study aim to forecast future waiting 
times over short horizons. Such forecasts depend heavily on the current congestion level 
and the time-dependent evolution of the system rather than solely on structural system 
parameters. As a result, the learning-based models rely more strongly on observable real-
time system-state variables, while variables such as service rates, traffic volume, and the 
number of open lanes play a relatively smaller role in the prediction task. This contrast 
highlights a fundamental difference between the two approaches: analytical models focus 
on theoretical system structure and steady-state relationships, whereas learning-based 
models exploit time-dependent data patterns and real-time system conditions to generate 
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forecasts.  

 
Figure 14. Feature importance ranking for the Random Forest delay classification model. 

Overall, learning-based models offer several important advantages. First, they can 
capture complex nonlinear relationships among system variables without requiring explicit 
assumptions about the underlying system structure. Second, they can adapt to changing 
system conditions as new data becomes available. Third, they can generate predictive 
models even when the operational mechanisms of the system are only partially understood. 
However, these models also have several limitations. Unlike analytical models that provide 
closed-form expressions to reveal system behavior, the black-box nature of LM limits 
interpretability and prescriptive insight. Furthermore, training such models requires large 
and reliable data, and their prediction performance depend heavily on the availability and 
quality of data.  

These observations highlight the complementary roles of the three modeling 
approaches to studying stochastic service systems. Analytical models provide valuable 
structural insights into system behavior through mathematically derived relationships 
among key parameters, such as arrival rates, service rates, and the number of servers. 
However, these models often rely on simplifying assumptions and are primarily designed 
for steady-state analysis. Simulation models, in contrast, offer greater flexibility in 
representing complex operational processes and dynamic policies, allowing analysts to 
evaluate system performance under realistic conditions when analytical solutions are not 
tractable. Learning-based models provide a different perspective by exploiting large 
datasets to generate predictions of future system performance.  

4. Implications and Discussion 
Our comparative analysis highlights important trade-offs and complementarities among 
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analytical modeling (AM), simulation modeling (SM), and machine learning (ML) 
approaches for analyzing stochastic service systems. Using examples from international 
border-crossing operations and healthcare service systems, we demonstrate that each 
methodology possesses distinct strengths and limitations. They can serve complementary 
roles in decision support within different operational environments. 

4.1. Theoretical insights 
Our analysis reveals several theoretical insights regarding the roles of the three 

modeling approaches.  
Prescriptive versus predictive capabilities. Analytical models are well suited for 

prescriptive analysis, enabling decision makers to identify optimal control policies and 
system configurations. In contrast, learning-based models are primarily predictive, focusing 
on forecasting future system performance based on historical data. Simulation models 
occupy an intermediate position, supporting policy evaluation through experimentation 
rather than direct optimization. 

Structural modeling versus data-driven learning. Analytical and simulation 
approaches rely on an explicit representation of system structure and operational 
mechanisms. In contrast, machine learning methods learn patterns directly from data 
without requiring explicit specification of the underlying system relationships. As a result, 
LM can be particularly useful in environments where system dynamics are highly complex 
or poorly understood. 

Steady-state versus time-dependent analysis. Analytical models often focus on 
steady-state system behavior, whereas machine learning models emphasize time-dependent 
prediction based on evolving system states. Simulation modeling can accommodate both 
perspectives, enabling analysis of transient dynamics as well as long-run system 
performance.  

These differences explain why no single approach dominates across all settings. Instead, 
the effectiveness of each methodology depends on the characteristics of the system and the 
objectives of the analysis. 

4.2.  Practical implications 
Our results also provide several practical guidelines for selecting modeling approaches 

in stochastic service systems. 
Analytical Models (AM): Analytical modeling approaches are particularly valuable for 

identifying optimal decision variables and policy parameters. Because AM models 
explicitly describe relationships among system variables, they can provide strong 
prescriptive insights for designing efficient operational policies. However, their 
applicability often depends on simplifying assumptions such as stationarity, known 
functional relationships, and tractable probability distributions. When these assumptions are 
violated, analytical solutions may become difficult or impossible to obtain. 

Simulation Models (SM): Simulation modeling provides a flexible framework for 
analyzing complex stochastic systems whose dynamics cannot be captured by tractable 
analytical models. By explicitly representing system operations, simulation models allow 
practitioners to conduct what-if and sensitivity analyses, evaluate alternative policies, and 
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observe system behavior under different scenarios. Although simulation models may 
require significant computational effort and careful model construction, their flexibility 
makes them particularly useful for studying systems with complicated operational rules or 
dynamic policies. 

Learning-based Models (LM): Learning-based approaches provide powerful data-
driven predictive tools that can leverage large datasets to uncover complex and nonlinear 
relationships among system variables. These models include classical statistical forecasting 
methods, machine learning algorithms, and deep learning models. Because LM approaches 
learn patterns directly from observed data, they can generate accurate forecasts even when 
the underlying system dynamics are not fully understood. However, unlike analytical or 
simulation models, learning-based models generally do not provide direct prescriptions for 
optimal decision variables or operational policies. Consequently, LM approaches are 
particularly valuable in data-rich environments where prediction accuracy is the primary 
objective. 

4.3.  Policy and operational recommendations 
From a practical perspective, the choice of modeling approach should depend on the 

characteristics of the system and the objectives of the analysis. Use analytical modeling 
(AM) when system relationships are well understood and the goal is to determine optimal 
policies or control variables under clearly defined assumptions. Use simulation modeling 
(SM) when system dynamics are complex but can still be reasonably described through 
operational rules, allowing analysts to evaluate alternative policies through scenario 
experimentation. Use learning-based models (LM) when large datasets are available but 
the relationships among variables are highly complex, dynamic, or poorly understood, and 
the primary objective is accurate prediction of system performance. In practice, these 
approaches should be viewed as complementary tools rather than competing 
methodologies. Combining structural insights from analytical models, operational 
experimentation from simulation models, and predictive capabilities from machine 
learning can provide a more comprehensive understanding of complex stochastic service 
systems.  

4.4.  An integrated decision-support framework: A border-crossing example 
To take advantage of the distinct strengths of AM, SM, and LM approaches, this study 

effectively combine these approaches within a unified decision-support framework.  
Figure 15 illustrates such a  framework in the context of border-crossing operations to 

support congestion management and staffing decisions. In this framework, learning-based 
models primarily support demand-side (travelers) decision making by predicting congestion 
patterns; analytical models support supply-side (service provider) decision making by 
designing staffing and operational policies; and simulation models evaluate the combined 
effects of these policies on both system performance and customer behavior. 
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Figure 15. An Integrated AM–SM–LM decision-support framework for border-crossing 

management 
Consider the multiple border-crossing stations connecting Washington State in the 

United States and the province of British Columbia in Canada, as discussed in previous 
sections. In such an environment, learning-based models can first be used to generate short-
term forecasts of congestion conditions. Using historical and real-time operational data—
such as traffic volumes, queue lengths, weather conditions, and time-of-day patterns—
learning-based models can predict future waiting times or congestion levels at different 
ports of entry over short horizons (e.g., 5, 15, 30, or 60 minutes ahead). These predictions 
provide valuable real-time information about expected system conditions and can help 
detect early signs of congestion buildup. Once congestion forecasts are available, analytical 
models can be applied to design operational policies. For example, queueing-based 
analytical models can be used to determine optimal staffing thresholds or congestion-based 
staffing rules that specify when additional inspection booths should be opened or closed. 
Because analytical models provide explicit relationships between system parameters and 
performance measures, they can offer prescriptive guidance for adjusting staffing policies 
or control parameters to achieve desired operational objectives. Finally, simulation models 
can be used to evaluate the robustness of these policies under more realistic conditions. A 
simulation model can incorporate additional complexities that are difficult to capture 
analytically, such as driver route-choice behavior among multiple crossings, variability in 
inspection times, dynamic information sharing, and feedback effects between traveler 
decisions and congestion levels. Through simulation experiments, analysts can test how 
proposed staffing policies perform under different demand scenarios and assess the 
distributional performance of the system, including extreme congestion events. 

This example illustrates how the three modeling approaches can play complementary 
roles in the analysis of complex stochastic service systems. Learning-based models provide 
predictive insights based on real operational data, analytical models offer structural 
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understanding and policy design, and simulation models enable detailed evaluation of 
operational policies under realistic system dynamics. Integrating these methodologies can 
therefore create a more comprehensive decision-support framework for managing 
congestion and improving operational performance in complex service systems. 

5. Conclusion 
This study presents a comparative analysis of three major methodologies for modeling 

stochastic service systems: analytical modeling (AM), simulation modeling (SM), and 
learning-based modeling (LM). Using representative examples from international border-
crossing operations and healthcare service systems, we examine how these approaches 
differ in terms of modeling assumptions, analytical capabilities, computational requirements, 
and practical applicability. The results highlight the complementary roles of these 
methodologies in supporting decision making for complex service systems. Analytical 
models provide valuable structural insights into system behavior through closed-form 
relationships among key parameters such as arrival rates, service rates, and staffing levels. 
These insights are particularly useful for prescriptive analysis, allowing decision makers to 
determine optimal policies and operational control parameters. However, the usefulness of 
analytical models is often constrained by simplifying assumptions required for 
mathematical tractability. Simulation modeling offers a flexible alternative when system 
dynamics become too complex for analytical treatment. By explicitly representing 
operational processes and stochastic variability, simulation models allow analysts to 
conduct scenario analysis and evaluate alternative operational policies under realistic 
conditions. Simulation therefore serves as an important bridge between theoretical analysis 
and real-world operational experimentation. Learning-based models introduce a 
fundamentally different paradigm by leveraging large datasets to identify patterns and 
generate predictions of system performance. In environments where relationships among 
variables are highly complex, time-dependent, or poorly understood, learning-based 
approaches can provide powerful predictive capabilities. However, these models typically 
offer limited interpretability and do not directly provide prescriptive guidance for policy 
design. 

The empirical analysis of border-crossing data illustrates several important observations. 
While learning-based models can achieve strong predictive performance, their accuracy 
tends to decline when system dynamics become highly non-stationary or when congestion 
conditions change rapidly. In contrast, simulation models remain robust in such 
environments because they explicitly represent the underlying operational mechanisms of 
the system. These findings suggest that these three approaches should be viewed as 
complementary tools, rather than competing alternatives, for understanding stochastic 
service systems. 

From a decision-support perspective, the choice of modeling approach should depend 
on the characteristics of the system and the objectives of the analysis. Analytical models are 
most suitable when system relationships are well understood and the goal is to derive 
optimal policies or structural insights. Simulation models are appropriate when operational 
mechanisms are known but system dynamics are too complex for tractable analytical 
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solutions. Learning-based models are particularly valuable when large datasets are available 
but the relationships among variables are difficult to specify explicitly.  

From a managerial perspective, the results of this study highlight the importance of 
selecting modeling tools that align with the characteristics of the operational environment 
and the decision objectives. In complex service systems, decision makers must balance 
multiple objectives including service efficiency, resource utilization, and customer waiting 
times. This study proposes an integrated framework that leverages the strengths of all three 
methodologies. In this framework, learning-based models generate short-term forecasts, 
analytical models guide policy design, and simulation models evaluate policy performance 
under realistic conditions. Understanding the complementary strengths of these 
methodologies can help managers design more effective decision-support systems for 
stochastic service operations. 

Future research may further explore the framework that more tightly integrate these 
approaches. For example, analytical models can provide structural insights and theoretical 
guidance, simulation models can evaluate operational policies under realistic conditions, 
and learning-based models can provide accurate predictions based on real operational data. 
Such integrated approaches have the potential to significantly enhance decision-support 
capabilities for managing complex stochastic service systems. As service systems become 
increasingly data-rich and operationally complex, understanding how these modeling 
paradigms interact will be critical for advancing research and practice in decision support.  
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