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Abstract – This research addresses the low accuracy in monthly tourist projections for a travel agency, with a Mean Absolute Percentage 

Error (MAPE) of 29.49%, resulting in an opportunity cost of $3.9 million in the travel package purchasing process. A solution was 

implemented using Machine Learning (ML) techniques, Support Vector Regression - Seasonal Autoregressive Integrated Moving 

Average with Exogenous Regressors (SVR-SARIMAX), and Business Process Management (BPM) to reduce the MAPE and improve 

the purchasing process by redesigning and adding a negotiation activity. The ML model was trained on historical data of international 

tourist arrivals from 2013 to 2023, and 2023 purchase records. Using Python and Arena software, the MAPE was reduced to 18.18%, 

with key performance indicators improving by 16%, reaching 19,907 customers, $20.7 million in revenue, and $1.8 million in opportunity 

cost. Furthermore, a conversion rate over 90% was achieved after implementing process improvements, demonstrating the effectiveness 

of ML and BPM in resource allocation and process enhancement. 

 

Keywords: Machine Learning (ML), Business Process Management (BPM), Support Vector Regression - Seasonal 

Autoregressive Integrated Moving Average with Exogenous Regressors (SVR-SARIMAX), tourism. 

 

1. Introduction 
1.1. Overview and Objectives 

The present study focuses on the application of Machine Learning (ML) and Business Process Management (BPM) tools 

to enhance profitability in a travel agency. Literature reviews demonstrate the use of ML for accurate tourist projections by 

leveraging seasonal patterns, exogenous variables, and analyzing factors that influence sector behavior [1-4]. Additionally, 

the literature supports the effectiveness of integrating ML with BPM simultaneously [5][6]. 

The aim of the research is to design a solution that integrates ML techniques (SVR-SARIMAX) for tourist projections 

and BPM to improve the travel package purchasing process. Eleven years of historical data are used to feed the Python 

model, along with process analysis to identify improvements through BPM. The study includes an introduction and 

justification of the problem, followed by the methodology to be used. Next, the results are presented, followed by a discussion 

to compare them with the literature and address encountered limitations. Finally, the conclusions aim to answer the question: 

Can ML and BPM tools improve profitability in a travel agency? 

 
1.2. Problem and Justification 

The tourism sector faces challenges in projecting tourist numbers, as behavior is influenced by factors such as 

seasonality, exogenous variables, and economic fluctuations. It is crucial for companies in the sector to make projections, as 

this allows for better resource allocation, service improvement, and increased profitability. Authors [7][8] consider a 

projection with a Mean Absolute Percentage Error (MAPE) lower than 10% to be optimal; however, this figure is difficult 

to achieve for companies in the sector. 

In 2022, tourism represented 2.3% of Peru’s GDP and over one million jobs, with strong links to hospitality and local 

production [9]. Digital platforms like Airbnb and TripAdvisor have increased demand for tourism services, reflecting a 

25.7% increase in international tourist arrivals for 2023, equivalent to $2.6 million [10]. 

Within the same company, there is a projection with a MAPE of 29.49% for 2023 and an average of 44.14% over the 

past five years, reflecting a problem that results in opportunity costs of up to $3.9 million. The goal is to reduce the MAPE 

value to below 10% to decrease opportunity costs while simultaneously increasing the number of customers and total revenue 

in the process [17]. 
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Table 1: MAPE value per year 

 

Year MAPE % Year MAPE % 

2019 19.13 2022 34.57 

2020 78.71 2023 29.49 

2021 58.8 MEAN 44.14 

 
1.3. Literature Review 

Authors such as [1] use the SVR-SARIMA model to project the number of tourists in the Philippines, evaluating 

magnitude and seasonality. Additionally, the study by [2] employs SARIMAX to incorporate exogenous variables such 

as the calendar and holiday dates within SARIMA-FTSMC to capture seasonal patterns in train passengers in Indonesia. 

Literature reviews such as [6] provide information on the use of ML within BPM applications throughout the process 

lifecycle, highlighting its potential to automate processes, reduce costs, and better allocate resources through anomaly 

detection and decision-making support. 

Figure 2 uses the problem tree to define root causes and identify the tool to be used as a solution. 

 

 
 

Fig. 1: Problem Tree 

 

2. Methodology 
2.1. Design and Scope of the Investigation 

The scope of the research is correlational and explanatory, employing a pure experimental design with a quantitative 

approach. The data sources include 11 years (2013-2023) of historical data on international tourists coming to Peru, 

collected by the agency, along with purchase records for all packages in 2023. Unit of evaluation chosen is tourist 

numbers over packages for their consistency in analysis. 

Figure 2 presents the design of the solution used. It includes inputs that reflect the reality of the travel agency, 

followed by the steps to be implemented and the metrics to be achieved once completed. 

 
Fig. 2: Solution proposal design 

2.2. Solution Evaluation 

Studies support the use of ML for projections in the tourism sector. The authors [1] combine Support Vector 

Regression (SVR) with Seasonal Autoregressive Integrated Moving Average (SARIMA) to create SVR-SARIMA, 
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leveraging the linear and seasonal modeling capabilities of SARIMA with the nonlinear modeling capabilities of SVR, 

achieving a MAPE value of 5.45%. 

Another study by [11] combines SVR with ARIMA to capture nonlinear relationships with SVR and linear trends with 

with ARIMA, achieving a MAPE of 10.22%. The authors [2][3] demonstrate in their studies how incorporating exogenous 

exogenous variables into SARIMA is beneficial for capturing the impact of external variables. Specifically, [2] uses 

SARIMAX to project train passengers using holidays as an exogenous variable, achieving a MAPE of 5%. 

Business Process Management (BPM) is used to improve the travel package purchasing process, aiming to increase the 

conversion rate. The authors [6] demonstrate that the integration of ML into BPM reduces operational errors by 15% and 

improves resource allocation by 25%, making the process more efficient and enhancing customer satisfaction. 

 
2.3. Data Collection 

The research uses two data sets provided by the travel agency. The first set is a collection of historical data on monthly 

tourists over a period of 11 years (2013-2023), making a total of 132 observations. The second set consists of purchase 

records for the entire year of 2023, with 567 observations, used to understand customer behavior during the process. Both 

data sets are complete and serve as the foundation for building the SVR-SARIMAX model and implementing BPM, allowing 

for a rigorous analysis of tourist trends and purchasing patterns. 

 
2.4. Solution Development 

The development of SVR-SARIMAX begins in Python, following the architecture built on the foundation used by [1] 

in their research. The process starts with uploading input data, including historical data on international inbound tourists and 

the data used as an exogenous variable, which in this research is the accumulated precipitation for the city of Cusco, as it is 

the destination for more than 80% of tourists visiting Peru. The authors [13] confirm that extreme precipitation negatively 

impacts tourism. The next step is the separation of the data into training and testing sets, following a 10:1 ratio, with 2023 

as the test set. The number of years used to feed the model is considered appropriate according to [12]. 

Next, the SVR model is adjusted by removing the trend to generate residuals, which are then used to feed SARIMAX. 

Both SVR and SARIMAX make projections for 2023 of tourists and residuals, respectively, which are then combined to 

obtain a projection based on the SVR-SARIMAX hybrid model. Finally, the model is evaluated with the test set, and its 

accuracy is determined by calculating the MAPE value. 

 

 
 

Fig. 3: SVR-SARIMAX Methodology design 

 

Next is the application of BPM in the travel package purchasing process, starting with defining the entities to model, 

attributes, and variables. Arena software is used to simulate the process; the authors [14] recommend using Arena for its 
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ability to build realistic simulations of processes, making analysis and improvement easier. The KPIs to be modeled are: 

total revenue from the process, number of customers, opportunity cost, and conversion rate. 

Once the simulation is built, it is used to thoroughly analyze the process and identify areas for improvement [6]. 

on this analysis, the changes to be implemented in the process are defined, such as the inclusion of the SVR-SARIMAX 

results as variables for available slots per month and the addition of negotiation activities to increase the customer 

rate. Once implemented, the simulation is run again, and the KPIs are measured once more. 

Finally, an evaluation of the results is conducted to confirm whether the changes and additions were beneficial to 

the process. Output Analyzer is used for the comparison of means and to analyze the results of both simulations. The 

authors [18] support the use of Output Analyzer for conducting analyses, as seen in their research on applying Lean 

principles to hospitals. Based on the evaluation, the effectiveness of the SVR-SARIMAX and BPM contribution to the 

process is validated. 

 

3. Results 
3.1. Forecast Results 

The results of SVR-SARIMAX are the projection that the model has for 2023, which is compared with the actual 

data from 2023 to determine the model's accuracy with its MAPE value. 

Figure 4 presents a graph that illustrates the behavior of SVR-SARIMAX and how it aligns with the sector's 

behavior to provide the 2023 projection. The forecast line successfully follows seasonal trends, especially during peak  

 

 
 

Fig. 4: SVR-SARIMAX Forecast  

 

Table 2 presents the results obtained through the SVR-SARIMAX projection for 2023 alongside the actual numbers. 

The MAPE value of the projection is also provided at the end of the table. 
 

  



 

 

 

 

 

 

 

ICMIE 128-5 

Table 2: Monthly forecast results 

 

Month Real Forecast Month Real Forecast 

January 642 141 July 2016 1782 

February 871 841 August 1722 1977 

March 1120 1651 September 2510 2461 

April 1067 1295 October 2964 2977 

May 1940 1897 November 2918 2552 

June 1420 1653 December 2453 2259 

        MAPE 18.18% 

  

The projection made by SVR-SARIMAX shows an 11% improvement over the agency's current projection, reducing 

from 29.49% to 18.18%. The highest deviations were in January and July, possibly due to post-holiday behavior and rainfall 

variability in Cusco, respectively. 
 

3.2. BPM Results 
The implementation of BPM involves building a simulation of the agency's current travel package purchasing process 

to identify areas for improvement. The process design is created in Bizagi and simulated using Arena software. 

Within the process, the variables of group size in the package, purchase month, and slot availability per month are 

determined. 100 replicas are run in the simulation, following the recommendation of [15], which states that the half-width 

should not exceed 5% of the average result. 

Table 3 presents the simulation results and compares them with the agency's actual data to observe the variation. 

 
Table 3: As Is model simulation results 

 

KPI Real Simulation Variation 

Number of Clients           17,815.00            17,095.72  4.04% 

Total Income   18,916,609.80    17,777,013.00  6.02% 

Opportunity Costs     4,065,279.76      4,744,320.50  16.70% 

Conversion Rate 82.31  78.90  4.14% 

 

Based on the analysis, it is decided to incorporate the negotiation activity into the process during the search for 

reservations, including steps to ask the customer about their availability to travel in another month. 

Figure 5 shows the updated process, with the customer negotiation activity included in the diagram. 
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Fig. 5: Travel agency To Be purchase process 

 

Table 4 presents the simulation results of the process with both improvements: the SVR-SARIMAX projection in 

the available slot variables and BPM with the incorporated negotiation activity. These changes led to a consistent rise 

in KPIs, especially in conversion rate, which surpassed 90%. 

 
Table 4: To Be model simulation results 

 

KPI As Is To Be Improvement 

Number of Clients           17,095.72            19,907.49  16.45% 

Total Income   17,777,013.00    20,703,908.50  16.46% 

Opportunity Costs     4,744,320.50      1,814,480.50  61.75% 

Conversion Rate 78.90    91.90  16.48% 

 

The simulation confirmed improvements. The forecast model optimized slot allocation, and the negotiation activity 

raised flexibility, leading to more customers and lower opportunity costs. Figure 6 shows the comparison of means using 

Output Analyzer. 

 

 
Fig. 6: Output analyzer means comparison 

 

4. Discussion 
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A MAPE value of 18.18% reflects an 11% improvement over the company's current value of 29.49% for 2023. 

According to the authors [8][16], this projection would be classified as "good." Based on this, planning and resource 

allocation can be improved [17]. However, the target value of less than 10% as seen in the studies by [1][2] has not been 

achieved, indicating that there is still room for improvement. 

The integration of BPM with ML achieves a 16% improvement in the indicators, with over 19,000 customers and total 

total process revenue exceeding $20.7 million. Additionally, a significant 61.75% reduction in opportunity costs is observed, 

with only $1.8 million. The addition of the negotiation activity contributes to the process by providing a conversion rate of 

91.9%, offering a 16% improvement over the current process. 

The comparison of means in Output Analyzer shows that, according to the findings of [19][20], the indicators of total 

revenue, number of customers, and conversion rate will always be higher in the improved process. This is because their 

intervals are entirely positioned to the right, clearly avoiding zero, which indicates better performance compared to the 

current process. In contrast, the opportunity cost will always be lower in the improved process, as its interval is fully 

positioned to the left, demonstrating a significant reduction in costs. These results highlight the effectiveness of the 

improvements made in the process. 

The limitations of the research are mainly centered around the projection with SVR-SARIMAX, as it is not possible to 

obtain more than 132 observations due to the platform change made by the agency in 2013. Although 10 years of data are 

sufficient to feed the model, other studies [1][2] use between 20 to 30 years, which helps better capture long-term trends 

[12]. Another limitation is in the exogenous variable data, where reliable and complete data on accumulated precipitation is 

required, something that can be complex in the current operational context [13], as well as the inclusion of more variables to 

obtain even more accurate projections. 

Integrating SVR-SARIMAX with BPM improved process performance and resource management [6]. Additionally, it 

positions the company as a pioneer in technological innovation within the tourism sector, offering a replicable approach that 

could generate sustainable competitive advantages in the market. 

 

5. Conclusion 
The research aimed to increase the profitability of a tourism agency through the implementation of SVR-SARIMAX 

and BPM. The results show a significant improvement in all indicators, with a 16% increase in total revenue, number of 

customers, and conversion rate, as well as up to a 61% reduction in opportunity costs. Although the target of achieving a 

MAPE lower than 10% was not reached, with only 18.18% achieved due to the limitation of using just 10 years of historical 

data, the positive impact of the tools used is still evident. 

Both ML and BPM tools successfully improved the allocation of available slots each month, optimizing resource 

distribution. They also reinforced operational flexibility, enhancing the company's ability to quickly adapt to demand 

fluctuations. This, in turn, boosted the company's capacity to respond to market changes, ultimately improving its 

competitiveness and positioning in the industry. 

To strengthen the obtained results, it is recommended to expand the number of observations used to feed the ML model 

to between 20 and 30 years, in order to better capture trends and approach the MAPE values achieved by other authors [1][2] 

in the literature, which are below 10%. Additionally, it is recommended to include more exogenous variables in the model, 

not limiting it to just one, and incorporating other factors such as economic stability and political situation. These initiatives 

would consolidate the progress made and create new opportunities for improvement in tourism sector management. 
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