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Abstract 

 

Objective: Calculate the required personnel 

and resources needed to fulfill the service 

promise agreed with the customer. Methods 

and materials: This paper presents a discrete 

event simulation (DES) model developed to 

select and implement a Point of Sale (POS) 

for a company providing financial products. 

First, the paper shows the characterization of 

the system components and times per process. 

Then, hypothesis testing and goodness-of-fit 

statistics are estimated. Subsequently, the 

simulation scenarios assess the times between 

arrivals and the number of commercial 

advisers. Results and discussion: This model 

allows us to assess the allocation of resources 

to fulfill the service promise, which is that 

80 % of customers must be served within one 

hour or less. This paper provided the service 

isoquants allowing us to observe the behavior 

of the performance metrics (service promise 

fulfillment) among different scenarios. 

Conclusions: The use of DES techniques 

allows for the evaluation of the assignment of 

personnel to achieve the fulfillment of the 

service promise, including facilities, 

equipment, and the evaluation of related 

processes. These methods can be extended to 

the analysis of resource allocation in the 

development of other processes, observing 

the relationship between service quality and 

operating costs. 

 

 

 

 

 

Keywords: Discrete event simulation, 

isoquants, resource allocation, service 

planning, waiting lines.

Resumen 

 

Objetivo: realizar el cálculo del personal 

requerido y los recursos necesarios para 

alcanzar el cumplimiento de la promesa de 

servicio pactada con el cliente. Materiales y 

métodos: este artículo presenta un modelo de 

simulación de eventos discretos (DES, por 

sus siglas en inglés), desarrollado para la 

implementación un punto de venta (POS) 

para una empresa que provee productos 

financieros. En la primera parte, el artículo 

muestra la caracterización de los 

componentes del sistema y los tiempos de 

proceso, seguido de la estimación estadística 

de las pruebas de hipótesis y de bondad de 

ajuste. Posteriormente, los escenarios de 

simulación evalúan los tiempos entre las 

llegadas y el número de asesores comerciales. 

Resultados y discusión: este modelo permite 

evaluar la asignación de recursos para 

cumplir la promesa de servicio, la cual es que 

el 80 % de los clientes deben ser atendidos en 

una hora o antes. Este artículo proporciona 

las gráficas isocuantas de servicio que 

permiten observar el comportamiento de la 

medida de desempeño (cumplimiento de la 

promesa de servicio) entre los diferentes 

escenarios. Conclusiones: Usando técnicas de 

DES es posible evaluar la asignación de 

personal para lograr el cumplimiento de la 

promesa de servicio, considerando las 

instalaciones, herramientas y evaluación de 

los procesos relacionados. Estos métodos se 

pueden extender al análisis de asignación de 

recursos en el desarrollo de otros procesos, 

observando la relación entre la calidad del 

servicio y los costos de operación. 

 

Palabras clave: simulación de eventos 

discretos, isocuantas, planeación de 

servicios, asignación de recursos, líneas 

de espera. .
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Introduction 

 

In some cases, service systems are supported by planning models that comprise resource 

allocation [1]–[4]. These models seek to optimize the available service capacity to meet the 

customer’s requirements. Despite the solutions obtained by service planning models 

considering resource capacity, these rarely contemplate performance measures to evaluate 

compliance of service levels [3]. Additionally, the solution obtained by service and supply 

planning models is static [5], [6] and seldom based on dynamic simulation scenarios [1], 

[7]. Given that service systems must have sufficient capacity to guarantee service levels, 

this paper developed a discrete event simulation (DES) model that analyzes the required 

resources over a finite horizon. 

 

The health sector has been using DES as an effective tool for allocating scarce resources to 

improve patient flow, while minimizing healthcare delivery costs and increasing patient 

satisfaction [8]–[10]. Previous studies have examined the resource allocation problems to 

optimally manage the arrival demands for different service sectors [11]–[13], occasionally 

for financial services. Given that financial services have a closer relationship with retail, the 

alliance between a financial institution and a retailer consists of the allocation of a Point of 

Sale (POS) for credit cards that share the brand of both the retailer and the financial 

institution. Through this card, customers can access the products of the retailer by 

performing fast and straightforward transactions. In this context, this paper evaluates the 

performance of financial institutions and retailers through service levels promised. 

 

The case study assessed in this paper considers two assumptions. First, allocating a new 

POS for a financial institution requires special attention because it must guarantee the 

fulfillment of the service promise. For this case study, the service promise states that 80 % 

of clients should not wait more than one hour in the process of applying for a credit card, 

starting from the time they arrive to apply for the credit card until they find out whether 

their application was approved or rejected. Second, another constraint for allocating the 

POS is not presenting high rates of underutilization of the resources invested, including 

data collection and analysis equipment, multifunction printers, card printers, telephones, 

and facilities such as advisory modules. 

 

In this context, this paper shows a DES model for the allocation of a POS, fulfilling the 

necessary conditions to achieve the established service promise and effective resource use. 

To do this, we obtained the metrics of the time required to process the credit card 

application. These metrics served as input for the development of the model within the 

ProModel software and to test scenarios by varying the number of commercial advisers 

assigned to evaluate the fulfillment of the service promise. 
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This paper on resource allocation differs from other research because it sought to find a 

balance between service promise and effective use of resources. Consequently, our model 

aims to fulfill the service promise, whereas previous models track only the behavior of 

vendors and customers [14]. Also, this research is related to earlier studies on resource 

allocation problems, which have gained attention in operations research [3]. 

 

The rest of the paper is organized as follows: A brief review of the literature is presented in 

the second section. This section highlights some studies that examined the resource 

allocation problem and service planning. Then, in the third section, this paper describes the 

methodology used. The results of the simulation model are presented in the fourth section. 

In the last part of this paper the conclusions and future research are presented. 

Literature Review 

 

Although there is a wide range of applications using DES, ranging from manufacturing to 

service provision, few studies present an analysis of resource capacity that includes service 

levels. For instance, there are numerous simulation studies in literature attempting to 

understand the relationship that may exist between various inputs into a system (e.g., 

patient scheduling and staff resources) and different output performance measures from the 

system (e.g., patient waiting times) [8], [11]. However, they rarely combine service levels 

and resource capacity applied to financial services [7]. 

 

The application of DES and its ability to model the various scenarios for dynamic decision 

making in the manufacturing sector have been extensively discussed [15]–[17]. These 

studies developed simulation models for a subset of manufacturing activities that facilitate 

“what-if” scenario planning for a proposed process alternative. The usefulness of DES 

models lies on the search for significant improvement over current processes in terms of 

throughput time reduction, better resource utilization, operating cost reduction, and reduced 

bottlenecks. Despite DES models illustrating a methodology appropriate to improve 

manufacturing processes, the performance measure “fulfillment of the service promise” is 

not frequently utilized. 

 

While the outcome of a simulation study improves sequencing activities and planning 

processes, there is a disruption between capacity planning and service levels that needs to 

be further considered. To solve this issue, the different simulation approaches such as 

system dynamics and DES have reported successful alternatives [1], [18]–[20]. In this way, 

a framework for developing DES models for resource-intensive service businesses was 

provided by some authors [21]. These models simulate planning of service engagements, 

supply planning of human resources, attrition of resources, termination of resources, and 

execution of service orders to estimate the business performance of resource-intensive 
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service businesses. It allows estimating the serviceability, costs, revenue, profit, and quality 

of service businesses. Thus, DES models are useful for evaluating the effectiveness of 

resource management policies [22]. 

 

The resource allocation for scheduling and sequencing activities also has been extensively 

considered [23]. Activities are combined based on the available resource quantities, and all 

combinations are evaluated through a DES model taking into account the constraints of 

resource quantities. The simulation model developed provided an alternative way to 

produce optimal resource flow paths for scheduling/sequencing. The results from the 

simulation models developed can directly assist in capacity planning and conducting or 

monitoring processes with the objective of resource allocation that could be limited. For 

instance, given that vendors face discrete demand in dynamic quantities in an infinite time 

horizon, different studies have developed efficient algorithms to find the optimal ordering 

policy. These algorithms calculate the scheduling and the order quantity from the vendor to 

the supplier to minimize the cost function over an infinite time horizon [24], which 

contributes to capacity planning. 

 

Some studies examine the optimal resource allocation in time-reservation systems [25]. 

Customers arrive at a service facility and receive service in two steps; in the first step, 

information gathered from the customer is sent to a pool of computing resources, and in the 

second step, the data is processed after which the customer leaves the system. The decision-

maker must decide when to reserve computing power from the pool of resources, such that 

the customer does not have to wait for the start of the second service step. Moreover, 

processing capacity is not wasted due to the customer still being serviced in the first step. 

The decision-maker simultaneously decides how many processors to allocate for the second 

processing step such that reservation and holding costs are minimized. Given that a detailed 

analysis of the system is complicated, the authors broke it into two parts, which are solved 

sequentially, leading to nearly optimal solutions. 

 

A large amount of research has been conducted in the field of patient flows as well as 

resource allocation [8]. Multiple performance measures associated with healthcare systems 

make simulation particularly well-suited to tackle problems in this domain [26]. In this 

field, the increasing percentage of the aging population and the changing financial policies 

in the healthcare systems put governments under pressure to optimize their healthcare 

expenditures without compromising quality [22]. One way to cut down the costs is by 

improving and optimizing the facility management processes. Some operations apply the 

lean principles to service management processes to identify the value-added and non‐value-

added activities in the process of health care provision [27]. Simulations were used to 

quantify the impact of the lean principles proposed. Thus, in this field, simulation is an 

effective tool in the selection of optimum resources for the service management process. 

The implementation of lean principles and simulations will help the facility manager in the 
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selection of the optimum crew size in various sub-processes, thus eliminating the trial and 

error approach. Although applications range from manufacturing to services in many fields, 

this paper contributes to the management of the efficiency of service levels for the selection 

and implementation of a POS of a company providing financial products. 

 

Modeling Approach 

 

DES is a method in which the processes of the system are modeled by events, allowing 

users to analyze individual events [28], [29]. DES enables the user to explore progression 

through several experiments. It is often used to represent systems at an operational level, 

where individual interactions and the variation of experience of system entities over time 

are essential [30]. DES utilizes a mathematical/logical model of a physical system that 

portrays state changes at precise points in simulated time. The state change and the time at 

which it occurs require a detailed description. Customers waiting for service are specific 

domains of DES; therefore, this methodology of modeling is used in this paper. 

 

A discrete system is one in which the state variation changes only at a discrete set of points 

in time. For example, the number of customers in the waiting line varies when a customer 

arrives or when the service provided to a customer is completed, implying that the variable 

changes only at discrete points in time. DES models are analyzed by numerical methods 

rather than by analytical methods. It means that DES employs computational procedures to 

solve mathematical models. In the case of simulation models, which use numerical 

methods, models are run rather than solved, that is, an artificial history of the system is 

generated from the model assumption and observations are collected to be analyzed and 

estimate the actual system performance measures [29]. 

 

Conceptualization 

Point of Sale (POS) 

 

This process is outsourced by people using portable devices that allow them to move 

around the warehouse to identify potential customers. The following are the stages of this 

process: 

 

• Pre-filter: Review of raw data and the amount of the customer’s income; a 

classification is made that influences the type of support documents to be requested. 

• Evidence: Consultation of central risk offices (report to lenders). 
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• Form Diligence: Requirement for the study of the allocation of credit on the card of 

the client. 

• Filter: The product quota (credit value and possible credit quota) is calculated and 

finally indicates the documents to be attached. 

 

Commercial Consulting 

 

The commercial consultants perform this process at the point of sale. The completion and 

analysis stages are carried out by an outsourcing and by the Credit Area. The following are 

the stages of this process: 

 

• Who is Who (WIW): Some clients must perform an identity validation called 

enrollment, in which their identity is verified through fingerprint digitization. 

• Filing Information: The data of the customer’s request is entered through the 

Bank’s software. 

• Digitalization: Digitalization of the documents of the client is done to carry out the 

study of the application. 

• Completion and Analysis: The credit area of the bank conducts the study of the 

customer based on the information and documents filed. 

• Consultation of Approval: Through the credit software of the bank, the status of 

the application is verified, receiving a confirmation via email and the approved 

amount (credit limit). 

• Credit Card Printing: Validation of the identity of the customer through identity 

document and the information registered in the bank’s software, then perform the 

opening, activation, printing, and delivery of the credit card to the customer. 

 

Process Characterization 

 

The process consists of two stages: sales and commercial advisory. On the one hand, the 

sale comprises the search of potential customers in the warehouse and delivery of the 

customer to the point of sale, as illustrated in figure 1. On the other hand, the commercial 

adviser performs the validation of the client identification and the filing of a request until 

the credit card is delivered or denied. 
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Figure 1. Process characterization 

 
Source: Own source.  

System Components 

 

Table 1 presents the main components of the simulated system. These components allow 

the simulation model to be programmed.  

 

 

Table 1. System components 

System Units Attributes 

POS of branded credit cards 
• Customers 
• Documents 

• Cards 

• Customers are requiring WIW 

• Point in which the customers are served 

• Time in which the customer arrives at the 

system and the queue 

Activities Events Variables’ state 

• Perform Sales 

• Stand in line for 

advice 
• Perform advisory 

• Entry of customers to 
the sales stage 

• Start and completion 

of the sales stage 

• The arrival of 
customers to the 

queue of the POS 

• Start and end of the 

consulting stages 

• Documents in digitization 

• Cards in printing 

• Customer arrivals 

• Customers who passed by stage of sale and advice approved 
• Customers who passed by additional stages of control until 

they are approved 

• Clients in a queue 

• Approved cards 
• Customers rejected for sale or advice 

• Customers evaluated 

• Clients to whom the promise of service is fulfilled 

• Time from arrival to the queue until the completion of the 

approval consultation 

• Percentage of the fulfillment of the service promise 

• Controls (Day, Time, and Time between arrivals) 

Source: Own source.  
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Data Collection 

 

In the analysis of the service times in the simulation model, at least 30 samples were taken 

in the bank’s testing area because it was a process for the launch of a new point of sale. The 

summary of the analysis performed is shown in tables 2 (test of independence) and 3 

(goodness of fit tests). An example of these tests applied to a particular variable is shown in 

appendix (see figures 6 and 7). Note that a majority of the distributions correspond to Beta 

because of the time available for the simulation study limited the necessary data collection. 

Thus, the Beta distribution is used as a rough model in the absence of data. However, some 

properties of the Beta distribution for certain combinations facilitate generating a Beta 

random variable (e.g., time to complete a task). As argued by Law and Kelton [31], if X 

beta (1, 2), then 1 – X  beta (1, 2), so the Beta distribution can easily generate beta 

random changes by the inverse-transform method. 

  

 

Table 2. Tests of independence (summary) 

Process First Order Second Order Third Order 

Pre-filter 0.1554 0.0714 -0.008 

Evidence 0.1595 0.0947 0.0947 

Form  0.1004 -0.0119 0.0328 

Filter 0.1 -0.0124 0.0329 

WIW 0.1597 0.0949 0.0504 

Filling 0.1506 0.0345 -0.037 

Digitalization 0.1508 0.0939 0.0744 

Completion and Analysis 0.1808 0.0935 0.0748 

Consultancy 0.0759 0.2182 0.056 

Printing 0.0743 0.2151 0.0625 

Source: Own source.  
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Table 3. Goodness-of-fit tests (summary) 

Process 
Selected 

distribution 
Rank Mean 

Half 

range 

Shape 

value 

1 

Shape 

value 

2 

Lower 

boundary 

Upper 

boundary 

Shape 

value 

Scale 

value 

Pre-filter Uniform 89.5 58.97 3.965        

Evidence Beta 100   1.19 1.112 173 190.8    

Form  Weibull 89       1.55 59.2 

Filter Weibull 99.4       1.548 4.714 

WIW Beta 100   1.221 1.147 298 301    

Filling Weibull 100       1.529 57.93 

Digitalization Beta 100   1.12 1.053 103 184.3    

Completion 

and Analysis 
Beta 100   1.055 1.011 1253 1385    

Consultancy Beta 81.3   1.034 1.142 26 32.86    

Printing Beta 88.8   1.103 1.158 54 67.72    

Source: Own source.  

 

The percentages of the clients served through the processes and rejected at different stages 

were calculated based on historical data from the Bank’s Credit Management, as illustrated 

in table 4. 

 

Table 4. Percentages of customers in validation stages 

Process Percentage Description Percentage Description 

Pre-filter 72 Approved 28 Rejected 

Evidence 
50 Required 50 

Not 

Required 

90 Approved 10 Rejected 

Filter 86 Approved 14 Rejected 

Source: Own source.  

Model Development 

Layout 

The warehouse modeled is divided into the following areas: 

 

• POS: Area in which customers are approached by vendors who offer them the 

credit card. 

• POS first floor: Space in which there are five servers installed and two 

multifunctional machines for the attention of the customers who pass the sale stage. 
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• POS second floor: Space in which there are three servers, a multifunctional 

machine, and a credit card printer. In this area, the approval and printing of credit 

cards (if applicable) are carried out. This area serves customers after the sales stage 

when the queue of the first-floor POS is more than ten customers. 

 

Figure 2 shows the areas within the simulation software based on the drawings of the 

facilities of the warehouse. 

 

Figure 2. Layout of the simulation model 

 
Source: Own source.  

 

Performance Measurements 

 

For the analysis of the simulated system, this paper used the “compliance promise” as a 

measurement of performance for the sales and advisory phases. This measurement 

considers the promise of expected service by the financial institution, which is that no less 

than 80 % of clients are served within one hour of entering the advisory stage until they 

return for the credit card approval result, as illustrated in table 5. 
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Table 5. Performance measurements description 

Group Name Description 

Vendors 

Arrivals Customers arriving at the system 

Approved in pre-filter Approved customers in the pre-filter 

Requiring evidence Customers that require further consultation in the risk database 

Requiring WIW Customers that require further consultation in WIW  

Customers 

Queue after sales on the first 

floor 
Customers in the queue after sales on the first floor  

Queue after completion on the 

first floor 
Customers in the queue after completion on the first floor 

Customers in the queue on the 

first floor 
Customers in the line on the first floor 

Customers in the system Customers in any of the stages of the process 

Approved cards 
Cards that have been approved after the selling process and advisory 

phase are completed. 

Queue after sales on the second 

floor 
Customers in the queue after sales on the second floor  

Queue after completion on the 

second floor 
Customers in the queue after completion on the second floor 

Customers in the queue on the 

second floor 
Customers in the line on the second floor 

Customers rejected in the sales Customers rejected in the sales phase 

Customers rejected in the 

advisory 
Customers rejected in the advisory phase 

Promise 

Customers assessed Customers that have passes the sales and the advisory phases 

Customers fulfilling the 

promise 

The number of clients served from the time they reach the consulting 

area until the approval consultation in time no longer than 1 hour 

Time in a queue for 

consultancy 

Time in hours that the client takes from the advisory area to the 

approval query 

Promise fulfillment 

Percentage of promise fulfillment 

Promise Fulfillment = (
Customers fulfilling the promise

Assessed Customers
) ∗ 100 

 

Source: Own source.  

 

Additional Conditions of the Simulation 

 

The sales hours are cut-off half an hour before the warehouse closes, to allow the advisors 

to attend the customers without greatly exceeding the additional time after the closing. The 

vendors have 30 minutes for lunch and three 5-minute breaks distributed during the day to 

go to the bathroom. These breaks are carried out interchangeably between the vendors. 

They cannot take a break until customer service is completed. The attention times were 

defined as shown in Table 6. 
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Table 6. Timetable applied to the simulation model  

Location/Resource Starting Time Ending Time 

Warehouse 08:00 21:00 

Vendors 08:00 20:30 

Advisors 08:00 21:00 

Source: Own source.  

 

As for the attention of customers who passed the stage of sale, they are taken by the vendor 

to the point of sale on the first floor. If the queue on the first floor has more than ten 

customers, the vendor takes the customer to the second-floor outlet. The delivery of the 

cards is made at the point of sale on the second floor. 

 

Model Verification and Validation 

 

The simulation model correctly represents the system. To do this, we calculated the number 

of replications and the length of the replications. We conducted a hypothesis test to validate 

the output data obtained from the simulation for the main performance measure of the 

system (service promise). 

 

The Welch procedure is used to calculate the number of replications, which recommends 

the following steps: perform a test run of size n (recommended between 5 and 10), calculate 

the mean and variance of the sample, define a level of significance, and finally calculate the 

replication number using the following equations: 

 

 
𝑛 =

𝜎2 ∙ (𝑡𝛼,𝑛′−1)
2

(𝑥̅ − 𝐶)2
 

(1) 

Where: 

• 𝑥̅: The average of the test runs 

• C: Historical performance measure 

• 𝜎2: Variance of the test runs 

• 𝑛′: Number of test replications 

• 𝑡𝛼,𝑛′−1: Value of the distribution t 

• α: Significance level for the t distribution 

 

With a test number of replications n’ = 7 and a historical performance measure of (the 

promise of service) C = 0,82, values of 𝑥̅ = 0,762, 𝜎2 = 0,131 are obtained. Additionally, 

with a significance level α = 0,05, the value of the distribution t is 𝑡0,05,6 = 1,943. In this 

way, the replications number is: 
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𝑛 =

0,131 ∙ (1,943)2

(0,762 − 0,82)2
= 147 

(2) 

 

With the Tchebycheff theorem we calculate the length of the replication (n), as shown in 

the following equation: 
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Where: 

• α: Reject level 

• s: Standard deviation 

• : Rank 

 

An initial run of size n’ = 10 was performed to estimate the standard deviation of the 

service promise (getting a result of s = 0,361), with a range of  0,2 and an acceptable level 

of 95 % (1 – α). 

 

 
𝑛 =

1

0,05
(

0,361

0,2
)

2

= 66 
(4) 

 

As part of the validation of the simulation model, a hypothesis test F is carried out for the 

service level performance measurement (historical data vs. simulation data), which is 

shown below: 

 

• H0 = there are no significant differences between the historical promise of service 

and that obtained by the simulation model 

• H1 = there are significant differences between the historical promise of service and 

that obtained by the simulation model 

• With a significance level α = 0,05 

 

 FF0,05; 65; 65 = 1,504 > F0 = 1,046 (5) 

 

• Decision: Does not reject the null hypothesis. 

• Conclusion: With a significance level α = 0,05, the decision is not to reject the null 

hypothesis. Thus, the validation model concludes that the values obtained between 

the simulation model and historical data do not show a significant difference 

between the values obtained in the simulation model and the historical data for the 

performance measurement (the promise of service). 
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Model Simulation 

 

To select the alternatives to be simulated, the time between arrivals and the number of 

servers in the system were varied so that the performance measure “fulfillment of the 

service promise” could be evaluated. With the above, we obtained the combination of five 

scenarios for the time between arrivals and fifteen scenarios for the number of vendors. The 

simulation was carried out with the number of replications and the length of the replications 

described above. 

 

Time Between Arrivals 

 

Based on the information on the estimated arrivals made by the Marketing Department of 

the financial entity, five scenarios with differences in the time between arrivals were 

determined, which allowed evaluating the behavior of the fulfillment of the defined service 

promise. To perform the run of the scenarios in the simulation software, intervals per 

scenario were included, as illustrated in table 7, showing an estimated initial demand 

scenario (100 %), from a decrease (300 %) to an increase in this service demand (-300 %). 

 

Table 7. The time between simulated arrivals by week and day intervals 

  Customers per hour Frequency (Seconds) 

Scenario Interval 
Starting 

Time 

Ending 

Time 

Monday to 

Friday 

Saturday 

and Sunday 

Interval’s 

Name 

Monday 

to Friday 

Interval’s 

Name 

Saturday 

and Sunday 

300 % 

A 08:00 10:00 3 5 A1 1200 A2 720 

B 10:00 14:00 11 13 B1 327 B2 277 

C 14:00 17:00 6 23 C1 600 C2 157 

D 17:00 20:00 11 22 D1 327 D2 164 

200 % 

A 08:00 10:00 6 10 A1 600 A2 360 

B 10:00 14:00 22 26 B1 164 B2 138 

C 14:00 17:00 12 46 C1 300 C2 78 

D 17:00 20:00 22 44 D1 164 D2 82 

100 % 

A 08:00 10:00 12 20 A1 300 A2 180 

B 10:00 14:00 44 52 B1 82 B2 69 

C 14:00 17:00 24 92 C1 150 C2 39 

D 17:00 20:00 44 88 D1 82 D2 41 

-200 % 

A 08:00 10:00 24 40 A1 150 A2 90 

B 10:00 14:00 88 104 B1 41 B2 35 

C 14:00 17:00 48 184 C1 75 C2 20 

D 17:00 20:00 88 176 D1 41 D2 20 

-300 % 

A 08:00 10:00 48 80 A1 75 A2 45 

B 10:00 14:00 176 208 B1 20 B2 17 

C 14:00 17:00 96 368 C1 38 C2 10 

D 17:00 20:00 176 352 D1 20 D2 10 

 

Source: Own source.  
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Number of Vendors 

 

Table 8 presents the run of the different scenarios between arrivals. The combinations of 

vendors for the first and second floors performed according to the capacity of the point of 

sale facilities. 

 

Table 8. Combinations for the number of point of sale vendors 

Scenario 
Number of vendors 

on the first floor 

Number of vendors 

on the second floor 

1 5 3 

2 5 2 

3 5 1 

4 4 3 

5 4 2 

6 4 1 

7 3 3 

8 3 2 

9 3 1 

10 2 3 

11 2 2 

12 2 1 

13 1 3 

14 1 2 

15 1 1 

 

Source: Own source.  

 

 

 

Results 

 

Based on the simulation model, the graphs named Service Isoquants were obtained. These 

isoquants allow us to observe the behavior of the performance measure of interest with the 

different combinations of vendors at the points of sale. Figure 3 presents scenarios 3 and 12 

that fulfill the 80 % service promise for the -300 % demand and the 100 % demand, 

respectively. 
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Figure 3. Service isoquants per scenario 

 
Source: Own source.  

 

Through the results of the simulation model, the minimum number of advisors required to 

the service promise fulfillment per scenario is obtained (see table 9). 

 

Table 9. Minimum number of advisors required for the service promise fulfillment 

Scenario 
Number of vendors 

on the first floor 

Number of vendors 

on the second floor 

Total 

vendors 

Average percentage of 

promise fulfillment 

-300 % 5 1 6 97,407 % 

-200 % 3 1 4 81,302 % 

100 % 2 1 3 96,894 % 

200 % 1 1 2 91,792 % 

300 % 1 1 2 91,686 % 

Source: Own source.  

 

The isoquants of service by the vendor for the facilities of the warehouse in floor 1 support 

the result obtained in figure 3—for -300 % of the demand two commercial advisers are 

required. In comparison, 100 % of the demand needed five consultants (see figure 4). 
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Figure 4. Service isoquants by number of advisors at the point of sale on the 1st floor 

 
Source: Own source.  

 

Similarly, service isoquants per commercial adviser for warehouse facilities on the second 

floor support the result obtained in figure 3, since for both the -300 % and the 100 % 

demand, a commercial adviser is required (see figure 5). 

 

Figure 5. Service isoquants by number of advisors at the point of sale on the 2nd floor 

 

 
Source: Own source.  

 

Conclusions and Discussion 

 

Through the literature review, applications in manufacturing processes, services, and their 

combinations are identified, using discrete event simulation [29], [31]. This paper presents 

a proposal for the analysis of the workers’ allocation in services processes. From the 

variations in the service demand, the simulation model calculates the required workers. In 

this sense, the service isoquants show the resources tradeoff between resource allocation 
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and client flow for the fulfillment of the service promise. Results show that scenario 3 

fulfills the service promise by 97,4 % and scenario 12 by 96,89 %, providing the minimum 

number of advisors required for the service promise fulfillment estimated according to the 

initial demand scenario (100 %) and an increase in service demand (-300 %). These results 

contribute to improve quality of service and job satisfaction; therefore, this study helps to 

refine some of the issues discussed from previous studies [32]. 

 

Discrete simulation models can be used for the calculation of resources in the presentation 

of services (facilities, labor, equipment, technology, etc.), according to the market 

requirements and especially the levels of service expected by the client and aiming for the 

reduction of the costs derived from the execution of the operations. From the results 

obtained, both -300 % and 100 % of the demand require two commercial advisers and five 

consultants, respectively. These results show how the simulation and isoquant mapping 

contribute to overcome the cost-minimization problem of resource allocation. Thus, the 

results of the simulation model can be used as support to calculate the required number of 

commercial advisers as well as points of sale to be opened by the expansion of the 

operation of the warehouse. This paper contributes to extend the results obtained by 

Becerra-Fernandez et al. [1], [5], [6]. 

 

With the development of the simulation model for the point of sale of the financial 

institution in the case study, it is possible to observe the behavior of the measure of 

performance of interest (percentage of fulfillment of the promise of service) with different 

combinations of allocations of resources, in this case, commercial advisers and facilities 

related to each position (either vendor or advisor). 

 

A computer-based system allows assessing decision alternatives on the dimension of the 

capacity and performance indicators [33]. This paper proposes a novel performance 

indicator based on service promise applied to a financial institution. In the case study 

addressed in this paper, the scenario simulation allows decision-makers in the financial 

institution to establish the resource requirement for the fulfillment of a given service 

promise according to variations in demand (potential customers at the point of sale). 

 

Future research can be oriented to address the development of service isoquants in other 

operations of companies providing services, following the steps established in this paper. 
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Appendix 

 

Figure 6. Example of test of independence for ‘Evidence’ variable (first, second, and third order tests) 

  

 
Source: Own source.  

 

Figure 7. Example of goodness-of-fit test for ‘Evidence’ variable (distributions ranking and density fit 

graph) 

 

 
 

Source: Own source.  

 

172
174
176
178
180
182
184
186
188
190
192

170 175 180 185 190 195

k
+

1

k

172
174
176
178
180
182
184
186
188
190
192

170 175 180 185 190 195

k
+

2

k

172
174
176
178
180
182
184
186
188
190
192

170 175 180 185 190 195

k
+

3

k


