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                                                                   ABSTRACT 

 

This research examines the effects of different prices on car hire revenues in Zimbabwe with the 

objective of improving profitability through nonlinear modeling techniques. The study is founded 

on secondary data collected from car rental companies during the period 2023-2024. Some of the 

most important variables in consideration are rental fees, customer demand, fleet size, operational 

costs such as fuel and maintenance, as well as overall economic markers such as exchange rates 

and inflation levels. A two-stage analytical framework was adopted: in the first stage, a time series 

model of forecasting (ARIMA 1,1,3) was employed to forecast future rental demand; in the second 

stage, a nonlinear programming model was employed to find the most profitable rental price for 

each day. The model of forecasting was found to be sufficiently accurate, especially when external 

factors were factored in, with an R² of 0.62. Optimization results showed that setting the price of 

the rental at $20 a day would generate the most profits in current conditions. Further analysis 

revealed that revenue is strongly sensitive to changes in price elasticity and seasonality. These 

results suggest the advantages of combining forecasting functionality with profit optimization 

methods for pricing strategically. The study offers practical guidance to car rental companies 

operating in unpredictable and price-sensitive economies like Zimbabwe and suggests that 

subsequent studies can draw on real-time data and machine learning for more responsive pricing 

strategies. 

 

 

 

 

 

 

 

 

 

 

 

 

 



f | P a g e  
 

Table of Contents 

Chapter1: Introduction ................................................................................................................ 1 

1.3 Research Aim. ..................................................................................................................... 3 

1.4 Research Objective. ............................................................................................................. 4 

1.5 Research Questions. ............................................................................................................. 4 

1.6 Research Assumptions.......................................................................................................... 4 

1.7 Significance of the Study. ..................................................................................................... 5 

1.8 Limitations. ........................................................................................................................ 5 

1.10 Delimitations. .................................................................................................................... 6 

CHAPTER 2:  LITERATURE REVIEW ......................................................................................... 9 

2.0 Introduction. ....................................................................................................................... 9 

2.1 Theoretical Literature Review. .............................................................................................. 9 

2.1.1 Time series analysis. ......................................................................................................... 9 

2.1.2 Autoregressive Integrated Moving Average (ARIMA) models. ............................................... 9 

2.2 Empirical Literature Review ................................................................................................11 

2.2.1 Time Series Forecasting (ARIMA) in Car Rental Demand Prediction .................................11 

2.2.2 Non-Linear Programming in Car Rental Pricing Optimization ...........................................11 

2.3 Research Gap .................................................................................................................12 

2.4 Proposed Conceptual Model ................................................................................................12 

2.5 Summary ...........................................................................................................................13 

Chapter 3: METHODOLOGY ......................................................................................................15 

3.1 INTRODUCTION..................................................................................................................15 

3.2 RESEARCH DESIGN ............................................................................................................15 

3.3 DATA ..................................................................................................................................15 

3.4 DESCRIPTION OF VARIABLES ...........................................................................................17 

Variable ....................................................................................... Error! Bookmark not defined. 

Type ............................................................................................ Error! Bookmark not defined. 

Description ................................................................................... Error! Bookmark not defined. 

Rental Demand ............................................................................. Error! Bookmark not defined. 

Dependent .................................................................................... Error! Bookmark not defined. 

Number of vehicles rented in month ................................................ Error! Bookmark not defined. 

Avg Rental Price ........................................................................... Error! Bookmark not defined. 

Independent .................................................................................. Error! Bookmark not defined. 



g | P a g e  
 

Mean daily rental rate charged in month ........................................... Error! Bookmark not defined. 

Fleet Size ..................................................................................... Error! Bookmark not defined. 

Independent .................................................................................. Error! Bookmark not defined. 

Total vehicles available in month .................................................... Error! Bookmark not defined. 

Inflation Rate ................................................................................ Error! Bookmark not defined. 

Independent .................................................................................. Error! Bookmark not defined. 

Monthly consumer price index inflation (%) ..................................... Error! Bookmark not defined. 

Exchange Rate .............................................................................. Error! Bookmark not defined. 

Independent .................................................................................. Error! Bookmark not defined. 

USD exchange rate ........................................................................ Error! Bookmark not defined. 

Fuel Price ..................................................................................... Error! Bookmark not defined. 

Control ......................................................................................... Error! Bookmark not defined. 

Average fuel cost per liter ............................................................... Error! Bookmark not defined. 

Holiday Flag ................................................................................. Error! Bookmark not defined. 

Dummy ........................................................................................ Error! Bookmark not defined. 

3.4 THE BOX-JENKEINS METHODOLOGY ..........................................................................17 

3.5 NON-LINEAR PROGRAMMING NLP STANDARD PROCEDURE .........................................19 

3.8 CHAPTER SUMMARY .........................................................................................................21 

Chapter 4 ...........................................................................................................................22 

Chapter 4: Data presentation, analysis and discussion ......................................................................22 

4.0 Introduction ...........................................................................................................................22 

4.1 Preliminary Analysis ..............................................................................................................23 

4.2 Data Pre-Diagnostic test ..........................................................................................................26 

4.3 The Time Series Model ...........................................................................................................27 

4.3 Non-Linear Programming Model .............................................................................................33 

4.4 Result Discussions .................................................................................................................36 

4.5 Chapter Summary ..................................................................................................................37 

References ..................................................................................................................................... i 

 



1 | P a g e  
 

CHAPTER 1 

                       Chapter1: Introduction  

1.0 INTRODUCTION 

 

In the modern era of car rental business, pricing has been the competitive strategy driver that 

determines profit and loyalty of customers. Growing concerns about short-term rental versus 

ownership particularly in the urban areas pose challenges in revenue management of car rental 

companies through appropriate pricing strategies. As world economies move through different 

stages of consumer spending, tourism, and mobility, car rental companies are in a dilemma to 

decide between fixed and dynamic pricing models. Dynamic pricing that charges different rates in 

a shorter time period based on the demand pattern is believed to capture the consumer surplus 

during the high demand period while on the other hand fixed pricing provides a large certainty of 

costs to customers as they will have to pay a fixed amount for a service that they value (Kimes, 

2016). The choice of these models determines customer loyalty, market competition and revenue 

generation particularly in nations with volatile economic environment like Zimbabwe. These 

issues are explored in this chapter in light of the automobile rental business which is facing 

fluctuations in the demand cycle, economic volatility and shifting customer preference in 

Zimbabwe. Beginning with the world, regional and the domestic industry environments, this 

chapter sets the scene to car rental industry pricing and gives an empirical rationale for the 

differentiated strategy in Zimbabwe. We then state the problem statement, purpose, and questions 

of the study and give a clear point of view from which this research explores the impact of dynamic 

and fixed-pricing on revenue and customer satisfaction. To stress the relevance and likely output 

of the research, the significance of this research, delimitations and limitations, and definitions of 

terms to be utilized in the research are going to be treated in this chapter. 
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1.1 BACKGROUND OF THE STUDY  

 

The global car rental market has experienced an unprecedented growth in the past two decades 

due to a host of factors ranging from consumer mindset shift, urbanization and the shift from 

personal car ownership to rented cars. This has led to the growth of car rental industry as 

demand more and more people require access to vehicles for a short term; the global car rental 

market size was valued at approximately $86.2 billion in 2021, with forecasts of growing to 

$131 billion at a CAGR of 5.4%, by 2028 (Statista, 2022). This growth is also a sign of 

increasing demand for use of flexible mobility and increasing car ownership expenses such as 

insurance, maintenance and deprecation that have led to greater usage of rental solutions as 

identified by Kimes (2016). There is evidence to suggest that this move away from ownership 

to access is more pronounced in urbanised and high tourism areas where traffic congestion, 

parking issues and environmental issues associated with car ownership make short term car 

rental a viable substitute (Smith, 2018). Moreover, like the previously mentioned emerging 

economies, there is the same boom in the car rental demand level in African nations as a result 

of rising tourism and business visits, which will further assist the requirement for pricing 

policy flexibility (Ngwenya, 2021). This expansion is an indication of the importance of right 

pricing strategies to capture the demand in the market and controlling the expectations of the 

consumer under changing economic conditions (Martinez, 2019). 

 

Dynamic pricing, which involves setting prices based on the real-time information 

representing shifting supply and demand forces, has emerged as a preferred model in 

industries with perishable inventory such as transportation, hospitality, and car rentals. Being 

an application of big data along with algorithm techniques, dynamic pricing aims at 

discovering the optimal price for rental cars based on the availability of cars, rental timing, 

and competitor prices in the market with a view to attaining maximum market in high demand 

times (Zhang, 2017). Researchers have demonstrated that dynamic pricing has the potential 

to raise revenue by up to 20% in markets where demand is not homogeneous since the model 

allows companies to capture additional consumer surplus when demand is high (Klein, 2017). 

Large global car rental giants like Hertz and Avis have invested heavily in dynamic pricing 

software, wherein the prices are not fixed and can be tweaked based on other variables like 

the market condition, weather, or timing of booking, so that it is competitive and extracts 

maximum revenue where possible (Lee, 2020). In other emerging economies, like in 

Zimbabwe, dynamic pricing holds great potential but the technology involved, particularly in 

gathering and assessing real-time data is an issue. The absence of technology and minimal 

internet services in the country also discourages the use of dynamic pricing because the 

majority of companies in Zimbabwe rent cars to visitors and would benefit from peak 

demanding periods (Xu, 2019). As a result of this, most of the car rental companies in 

Zimbabwe have not been able to maximize the use of price optimization for revenue through 

data analytics since most of these companies employ either fixed or less advanced pricing 

methods that are less sensitive such as dynamic models (Ngwenya, 2021). This task requires 

a more complex examination of pricing strategy in Zimbabwe's car rental market due to the 
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fact that, although possible revenues are considered, equally important is the infrastructural 

reality of the firm. 

1.2 PROBLEM STATEMENT. 

The car rental market that was worth $86.2 billion in 2021 and is expected to be worth $131 billion 

in 2028 (Statista, 2022) has seen an increase in the growth rate such that businesses operating 

within the sector have been compelled to implement strategies that would allow them to seize 

every demand in the market. In economies such as Zimbabwe, due to its economic volatility and 

highly inflationary situation; the car rental companies operating in such a market have to balance 

their decisions on what pricing structures to implement so that they can maximize their revenues 

as well as looking after the welfare of their consumers. Dynamic pricing in which prices are 

changed based on demand has gained traction globally, with studies backing that it can increase 

revenue by as much as 20% in sectors whose demand is volatile (Klein, 2017). A number of the 

well-liked car rental service companies, including Avis and Hertz, employ dynamic pricing in 

calculating the car prices based on car availability and timing of booking request, among others, 

to assist in making the most out of peak demand (Lee, 2020). However, in Zimbabwe, the use of 

dynamic pricing is hindered by the following technological factors which include; inability to 

access technological tools and real-time data gathering which is essential in the implementation of 

such strategies (Ngwenya, 2021). As such, most of the firms involved in the car rental business in 

Zimbabwe have to resort to fixed pricing which, while simple to utilize, does not allow any room 

for additional charges during peak times. The main disadvantage of fixed pricing is that the 

company can't reap gigantic profits in case of high demand, especially in the tourist season, 

whereas it is helpful in an unsteady economy as people prefer products and services that have a 

fixed price. This strategic problem establishes the practice-based research question on the 

applicability of the two pricing models in the car rental industry in Zimbabwe as businesses face 

challenges in attaining consumer trust, maximum possible revenue, and technological limitations. 

Should this problem not be resolved, car rental companies in Zimbabwe stand to lose potential 

revenues during periods of high demand while potentially undermining customer loyalty in case 

the prices are seen as having been determined randomly or out of pure exploitation. 

1.3 RESEARCH AIM.  

 

The primary aim of this research is to conduct an in-depth statistical analysis of the impact of 

dynamic and fixed pricing strategies on the revenue of car rental companies. The study seeks to 

evaluate the effectiveness of these pricing strategies in maximizing revenue and minimizing 

customer dissatisfaction, using data from Zimbabwe’s car rental industry. 
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1.4 RESEARCH OBJECTIVE.  

 

1. To quantify monthly and seasonal trends in car rental bookings in Zimbabwe from 2015 to 

2023 using time series analysis techniques. 

2. To develop and fit an appropriate time series forecasting model for predicting car rental 

demand in Zimbabwe over time. 

3. To develop and fit a non-linear programming model for optimizing pricing strategies aimed 

at maximizing profitability in the car rental companies. 

1.5 RESEARCH QUESTIONS.  

1. What is the comparative impact of dynamic and fixed pricing strategies on the revenue 

performance of car rental companies in Zimbabwe? 

 

2. What are the key time series factors that significantly influence revenue performance in 

Zimbabwe’s car rental industry? 

 

3. Which time series model best predicts car rental demand in Zimbabwe, and how 

accurately does it forecast future trends? 

 

4. How can a non-linear programming model be used to optimize pricing strategies for 

maximum profitability in Zimbabwe’s car rental sector? 

 

1.6 RESEARCH ASSUMPTIONS.  

 

The assumptions made for this research are based on three basic elements: demand volatility, 

pattern of buying, and the applicability of technology. First, the demand for car rental is considered 

to be related to tourism cycles, economic stability or event necessity thereby rendering the dynamic 

price model appropriate to absorb the differential requirements of demand. This is an assumption 

because the study is to determine if the dynamic pricing technique, where prices are varied with 

demand levels in real time, is better in the revenue maximization process when contrasted with 

fixed prices. This nature of volatility in demand is quite common to see in Zimbabwe where 

tourism activities are seasonal, economic activities and other domestic activities provide cycles of 

demand. Given this demand variability assumption, the study provides a basis for examining how 

various pricing strategies address Zimbabwe’s consumer requirements and business dynamics. 
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1.7 SIGNIFICANCE OF THE STUDY.  

This research assists in filling the research vacuum in current literature by advancing the 

examination of the pricing strategies of the car rental business in Zimbabwe. With the dynamic 

environment currently characteristic for the car rental company business environment in 

Zimbabwe, there is a requirement to find out whether the dynamic and fixed pricing strategies are 

cost-effective enough to enable the company maintain its profitability and competitiveness in the 

new business environment. By highlighting quantitatively precise analysis, the study is seeking to 

fill one of the largest gaps in existing literature by making practical recommendations on how to 

pick pricing strategies that would be most helpful to business as well as the customers. By so 

doing, this research can make a comparison of the revenue effect of dynamic as opposed to fixed 

pricing and offer concrete recommendations for Zimbabwean car rental businesses to adapt their 

pricing in line with the local demand cycle for improved long-term sustainability. 

At a more pragmatic level, this article is useful to a range of industry actors, particularly car rental 

businesses, tourist planners and policymakers. To the car rental companies, the study findings will 

provide practical guidance on how to implement statistical models that will be utilized to maximize 

revenue capture using best practice pricing. For example, if dynamic pricing is found to be 

effective, then firms may determine the need to develop their technology or to train their employees 

in methods of adopting the dynamic pricing practices. Alternatively, where fixed pricing shows a 

higher consumer retention rate in the local market, firms may opt to adopt consistency in order to 

retain the consumer. Findings of this research can thus help tourism stakeholders identify the 

pattern of car rental demand during tourism cycles and plan their resources and services 

accordingly based on high demand. 

In addition, the study has consumer and ethical implication and addresses questions of fairness and 

transparency of the dynamic pricing in the context of a developing economy. Where consumers' 

trust is at risk because of economic instability such as in the case of Zimbabwe, the customer 

response to dynamic and fixed prices analysis provides an ethical perspective. The study also aims 

to determine whether dynamic pricing can be considered exploitative or merely so promoting 

sustainable customer loyalty pricing strategies. From this study, companies might be persuaded to 

change their attitude towards using ethical price practices that prioritize consumers' feelings over 

price fairness, which builds trust and satisfaction in the car rental industry in Zimbabwe. Therefore, 

the research is of higher importance beyond the issue of revenue as it also solves the issue of right 

and ethical pricing in Zimbabwe. 

1.8 LIMITATIONS. 
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One of the limitations of this research is data availability and reliability on consumers' attitude and 

selling patterns within the car rental business in Zimbabwe. The majority of the Zimbabwean car 

hire companies are poorly computerized, and they have bad records of customer transaction history 

in the past, the demand patterns and the elasticity of sales to price variations. With this data 

inadequacy, it may not be easy to make highly rigorous statistical investigation of the impact of 

dynamic and fixed pricing schemes on revenues. But potential for exploiting digital transaction 

history to enhance analytical capability to forecast revenue impact is severely limited in Zimbabwe 

compared to markets in which data analytics have already been embedded within business 

processes. Although this research will make use of consumer surveys and evident data trends to 

counter such limitations, deficiencies of extensive historical data might limit precision and 

variability of statistical results. 

The other significant constraint is technological support required for the dynamic pricing strategy 

and its assessment. Conventional dynamic price strategies include time-sensitive price revisions 

that keep pace with changes in demand, consumer characteristics, and competitor prices, data 

gathering and analytical price revision. But due to technological hitches such as unpredictable 

internet connectivity, lack of much integration of upper-level data analysis, and expensive 

software, the models are not entirely adoptable for most car rental agencies in Zimbabwe. Such 

infrastructural constraints having been the case, this study would likely be capturing dynamic 

pricing to some extent since it may have been experienced in industrialized economies such as 

North America or Europe where there are efficient digital and data analytics supporting systems 

for dynamic pricing formats. This limitation will be overcome by carrying out the analysis based 

on the current Zimbabwe technological environment and examining basic or mixed pricing 

methods that can operate under current conditions. 

A third limitation is that economic rise and fall may affect consumers and purchasing power in 

Zimbabwe. The economy of Zimbabwe has, at one time or another, had inflation, currency 

fluctuations and a high level of unemployment, all which affect the price sensitivity of the 

consumer. Due to such economic influences, consumer price sensitivity and demand would change 

and cross sectional data would be unable to pick up this cross temporal perceptions of a specific 

pricing policy. For instance, the results for the price sensitivity may be mixed with the economic 

depression period rather than the economic boom period. While the results of this study give the 

current situation in Zimbabwe, the results may not hold in the future in case the situation changes 

economically. It is a failing which will be to some extent met by conducting the research in the 

context of the current economic climate though with the acknowledgment that the nature and 

degree of price sensitivity will change with the economy. 

1.10 DELIMITATIONS.  
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These are meant to guide the study and confine the research to Zimbabwe’s car rental market that 

is closely related to the consumer and standard pricing models that are appropriate to Zimbabwe. 

One delimitation is geographical focus on Zimbabwe, which restricts generalization of the results 

to this single emerging market only. By narrowing its scope down to Zimbabwe, the research seeks 

to present a detailed and contextual analysis that corresponds with Zimbabwe’s economic, social, 

and technological environment. This focus implies that what is learnt may not be useful in other 

markets that have different cultural or economical features from Kenya such as the neighboring 

countries with more stable economy or other African countries with different tourism demand. The 

information of the Zimbabwe location employed within the study ensures that what is found can 

be implemented by vehicle hire businesses in the country promptly. 

 

Another functional definition of this study is the decision to align only basic motor car services 

with none of the luxury motor car services. Flat rate car hires are more preferred by Zimbabwe’s 

middle income earners who are more sensitive to price changes. On the other hand, the luxury car 

rental segment usually focuses on the high-income customers who may have different 

consumption pattern and concern, which are not suitable for a test on the effect of pricing strategies 

on revenue and customer satisfaction in a price-sensitive segment. Thus, excluding the luxury 

segment, the study is able to focus on pricing strategies that are realistic and feasible for 

Zimbabwe’s main car rental market: everyday users and families. 

 

A limitation is that the study does not extrapolate into the future, in terms of analyzing the extent 

to which and how technological developments or future economic trends may impact existing 

market dynamics and guide present day pricing strategies. The study aims to include features that 

will be pertinent to the current Zimbabwe’s digital environment, consumers’ behavior, and the 

current economic status of the country to understand that feasibility of these pricing strategies may 

not be static. For example, although technologies may one day make it possible to implement large 

scale dynamic pricing strategies, this study does not consider strategies that cannot be implemented 

under current infrastructural conditions. This time horizon guarantees that recommendations 

provided are relevant to Zimbabwean car rental firms in the current day in spite of the potential to 

develop new technology or policy which could render findings obtained in this research inaccurate 

in the future. By establishing time parameters, the study provides current and accurate 

recommendations that can be applied by the car rental businesses but is also cognizant of the fact 

that other future trends might require new analysis. 

 

1.10 Summary.  

 

Overall, this study found that Zimbabwe’s car rental industry faces both significant challenges and 

valuable opportunities when it comes to identifying effective pricing strategies. Market conditions 

remain highly dynamic, shaped by economic instability, inconsistent customer demand, and 

limited access to advanced technology. While dynamic pricing can maximize revenue, especially 
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during peak seasons such as tourist seasons, it also raises ethical and practical concerns in a market 

where consumers prefer transparent and fixed prices. On the other hand, fixed pricing can create 

customer confidence and loyalty but may be limiting with respect to growth in revenue when 

demand increases. Similar to most companies in Southern Africa, Zimbabwean car rental 

companies have to balance shareholders' expectations to maximize returns against customers' 

expectations carefully. This balancing needs strategic management of resources that is in sync with 

prevailing conditions in the economy and infrastructure of the country. The purpose of this 

research is to explore how both fixed and dynamic pricing strategies impact revenue and customer 

perceptions, ultimately offering guidance for car rental companies looking to improve their 

competitiveness. The findings contribute to the broader understanding of pricing strategy 

effectiveness and support the ongoing development of Zimbabwe’s car rental industry. 
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Chapter 2 

CHAPTER 2:  LITERATURE REVIEW 

2.0 INTRODUCTION.  

 

This chapter provides a dynamic review of theoretical frameworks and empirical studies pertinent 

to car rental demand forecasting and pricing optimization, particularly within the tourism context. 

It encompasses time series analysis methodologies, optimization theories, and motivational 

theories influencing travel behavior. 

2.1 THEORETICAL LITERATURE REVIEW. 

2.1.1 TIME SERIES ANALYSIS. 

 

Time series analysis involves statistical techniques for modeling and forecasting data points 

collected or recorded at specific time intervals. In tourism and transportation sectors, it aids in 

understanding patterns such as seasonality and trends in demand. Brida and Risso (2011) utilized 

time series models to forecast overnight stays in South Tyrol, Italy, highlighting the importance of 

capturing seasonal patterns in tourism demand 

2.1.2 AUTOREGRESSIVE INTEGRATED MOVING AVERAGE (ARIMA) MODELS. 

 

ARIMA models are widely used for analyzing and forecasting time series data by combining 

autoregressive and moving average components. They are particularly effective when data show 

evidence of non-stationarity. Mamula (2015) applied ARIMA models to forecast international 

tourism demand in Croatia, demonstrating their utility in capturing underlying patterns in tourist 

arrivals. 

 

2.1.3 SEASONAL AUTOREGRESSIVE INTEGRATED MOVING AVERAGE (SARIMA) 

MODELS. 

 

SARIMA models extend ARIMA by incorporating seasonal elements, making them suitable for 

data with regular seasonal patterns. Peiris (2016) employed a SARIMA model to forecast 

international tourist arrivals to Sri Lanka, effectively capturing both trend and seasonal 

components in the data. 
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2.1.4 OPTIMIZATION THEORY. 

 

Optimization theory focuses on selecting the best element from a set of available alternatives, often 

under constraints. In the context of car rental services, it assists in maximizing revenue and 

minimizing costs. Saayman and Botha (2017) discussed the application of optimization techniques 

in tourism demand forecasting, emphasizing the role of such methods in enhancing decision-

making processes. 

 

2.1.5 NON-LINEAR PROGRAMMING. 

 

Non-linear programming deals with optimization problems where the objective function or 

constraints are non-linear. This approach is pertinent in modeling complex relationships in pricing 

strategies. While specific studies on non-linear programming in car rental pricing are limited, the 

broader application in tourism demand forecasting underscores its relevance. For instance, 

Saayman and Botha (2017) highlighted the effectiveness of non-linear models in capturing the 

complexities of tourism demand 

 

2.1.6 PUSH-PULL THEORY OF TRAVEL MOTIVATION. 

 

The Push-Pull Theory explains travel motivations through internal (push) factors, such as the 

desire for escape or adventure, and external (pull) factors, like attractions or cultural experiences. 

Yousefi and Marzuki (2015) analyzed these motivational factors among international tourists to 

Penang, Malaysia, identifying key drivers influencing travel decisions 
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2.2 EMPIRICAL LITERATURE REVIEW 

2.2.1 TIME SERIES FORECASTING (ARIMA) IN CAR RENTAL DEMAND 

PREDICTION 

Makoni and Chikobvu (2018) used a seasonal autoregressive integrated moving average 

(SARIMA) model to investigate seasonality in tourism demand at Victoria Falls rainforest using 

data from January 2006 to December 2017. They concluded that the SARIMA (2,1,0) (2,0,0) 

model efficiently modeled seasonality and volatility of visitor arrivals. Based on these findings, 

they suggested that the combination of SARIMA with models like GARCH would be used to 

improve the forecasting efficiency, especially for industries highly correlated with tourism, such 

as car rentals. Nyoni (2021) also used time series techniques, namely an ARIMA (2,1,0) model, to 

forecast international tourists visiting Zimbabwe during 1980-2019. His conclusion indicated a 

steady trend of growth and the merit of improving ARIMA forecasts through combining them with 

complementary methods. In a more specific scenario, Yang et al., (2024) compared some of the 

car rental price forecasting models and concluded that ARIMA performed optimally in single-step 

forecasting, reasserting its dominance in short-run price prediction accuracy. Similar, Makoni and 

Chikobvu (2018) also reaffirmed ARIMA's ability to track seasonality in tourism data, reaffirming 

its use in rental service planning. However, Gumbo and Tichakunda (2021), when analyzing the 

years 2015-2020, noted that while ARIMA can accurately predict short-term rental demand, it is 

not efficient in reflecting longer-term market trends. They therefore suggested hybrid models 

combining ARIMA with machine learning to improve forecast accuracy in the longer term. 

2.2.2 NON-LINEAR PROGRAMMING IN CAR RENTAL PRICING OPTIMIZATION 

 

He et al., (2018) developed an Integer Non-Linear Programming (INLP) model for optimizing 

capacity and pricing decisions in car rentals with an emphasis on revenue maximization based on 

the elasticity of demand and operational constraints. The research demonstrated that INLP is an 

effective instrument for aligning pricing strategy and market conditions. Such optimization 

techniques were followed by Zhang et al. (2024), who introduced a Quadratic Programming model 

based on supervised learning that priced dynamically based on real-time demand and competitors' 

actions, resulting in improved profitability. Similarly, Deng and Pantuso (2023) proposed a Mixed 

Integer Programming approach that optimized pricing zones by incorporating spatial demand 

variations and customer segmentation, resulting in a 7.01% increase in profit. Independently, Brar 

et al. (2024) developed a two-stage Integer Linear Programming (ILP) model for pricing and user 

matching that successfully increased demand fulfillment by 35% while controlling operational 

expense. In a different study, Zhang et al. (2024) extended the classical Newsvendor Model 

through non-linear programming to address price-sensitive inventory management, with strategic 

implications for fleet assignment and pricing. To complement these initiatives, Zhang et al. (2015) 
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employed dynamic programming to integrate pricing and capacity control in real time, elevating 

revenue management through demand-responsive pricing mechanisms. 

2.3 RESEARCH GAP 

 

Notwithstanding the growing literature on tourism and transport forecasting within Zimbabwe, 

empirical research specifically addressing the use of time series models to forecast car rental 

demand is negligible. Previous studies, for example, Makoni and Chikobvu (2018) and Nyoni 

(2021), have applied ARIMA and SARIMA models to large tourism demand data but the market-

specific drivers of the car rental sector such as seasonal hire peak-ups, local mobility trends, and 

pool of cars call for a more specialized analysis. Furthermore, the reviewed literature under 

optimization tends to focus on profit maximization through pricing under non-linear programming 

methodologies; however, they are used extensively in application outside Zimbabwe and barely 

involve forecasting demand with price optimization under an integrated decision process. This 

presents a research gap and opportunity and the possibility of developing a dual-model framework 

that links automobile rental demand time series forecasting and non-linear programming to 

optimize prices and maximize profits. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.4 PROPOSED CONCEPTUAL MODEL  
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Figure 1.4.1 PROPOSED CONCEPTUAL MODEL 

 

The suggested conceptual model illustrates an integrated framework for forecasting car rental 

demand and optimizing pricing strategies. It begins with historical rental data and key exterior 

variables such as fuel prices, tourism statistics, and GDP index, which are used to develop time 

series forecasting models precisely ARIMA and SARIMA. The forecasted demand output is then 

fed into a pricing optimization framework that also considers supplementary inputs like rental fleet 

size, revenue, and profit margins. The goal of this framework is to maximize profit through 

informed pricing decisions. Finally, the model concludes in the implementation of optimal pricing 

adjustments, supporting strategic decision-making in a dynamic market environment. 

 

 

2.5 SUMMARY 

 

This chapter reviewed existing studies related to car rental demand forecasting and pricing 

strategies. Most prior research focused on broader tourism or transport sectors in regions outside 

Zimbabwe, with limited emphasis on car rentals. There is a clear gap in applying ARIMA-based 
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time series forecasting and non-linear pricing optimization within the Zimbabwean context. The 

next chapter outlines the research methodology, including data collection and analysis techniques 
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Chapter 3 

 

                            Chapter 3: METHODOLOGY 

3.1 INTRODUCTION 

 

This chapter describes the methods and procedures employed to forecast car rental demand and 

optimize pricing strategies in Zimbabwe. The researcher starts by outlining the overall research 

design, followed by details on the data sources, sampling frame, and analytical tools that were used 

in this research. The chapter also defines all variables used and then explores into the two core 

modeling approaches which are the Box-Jenkins methodology for building time series models and 

a structured non-linear programming procedure. Finally, ethical considerations were discussed 

before summarizing the chapter 

3.2 RESEARCH DESIGN 

 

This researcher utilized the explanatory quantitative research design approach which according to 

Saunders, Lewis and Thornhill (2019) it is method that can be used to predict the future by 

analyzing trends and patterns in the historical data. First, the historical data was modeled using 

time series tools such as ARIMA or SARIMA to come up with demand forecasts. Second, these 

forecasts were then integrated into a non-linear programming optimization that determines revenue 

maximizing prices under operational constraints. This two stage framework allows for an 

integrated decision support system, linking forecast accuracy directly to pricing performance. 

3.3 DATA 

 

3.3.1 DATA SOURCES 

 

This research mostly relied on secondary data sources which according to Saunders, Lewis, and 

Thornhill (2019), is data that is originally collected by others for other purposes such as archival 

records, administrative databases, and published statistics. The data used and the data sources are 

as defined below 

1. Car Rental Operations: car rental monthly rental counts, average daily rates, and fleet 

availability were withdrawn from three leading car rental firms from 2015–2023 and 

merged together. 
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2. Macroeconomic Indicators: Inflation and exchange-rate series was acquired from the 

Zimbabwe National Statistics Agency (ZIMSTAT) and Reserve Bank of Zimbabwe (RBZ) 

website. 

 

3. Fuel Prices: Average monthly fuel prices were downloaded from the official Zimbabwe 

Energy Regulatory Authority (ZERA) website 

 

3.3.2 DATA SAMPLING 

 

According to Kothari (2004), data sampling is the process of selecting a representative subset of 

elements from a larger population in order to make inferences about the characteristics of that 

entire population. For this research study sample size was made from January 2015 to December 

2023, and it yielded a total amount of 108 observations. This span captures both pre and post Covid 

19 demand dynamics as well as seasonal and economic variations. 

 

 

3.3.3 DATA ANALYSICS INSTRUMENTS 

 

According to Zikmund, Babin, Carr, and Griffin (2010), data analytics instruments are the 

collection of statistical and computational tools such as statistical software packages, spreadsheets, 

and visualization platforms that can be used to process, analyze, and interpret raw data into 

meaningful insights. In this research the researcher utilized the following instruments: 

 

1. Time Series Modeling: For building, fitting and visual analytics of time series models this 

research used Microsoft packages excel and R-studio as research instruments. 

 

2. Optimization: For non-linear programming model building the research used python 

software as a research instrument.  

 

 

3. Support Tools: the SPSS statistical software was also used as research instruments to come 

up with descriptive statistics which according to Field (2013), are statistical techniques that 

summarize and organize data to provide an overview of sample characteristics such as 

measures of central tendency. 
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3.4 DESCRIPTION OF VARIABLES 

Description of variables involves the process of identifying, defining, and explaining the role and 

characteristics of each variable used in a study whether dependent and according to Babbie (2020), 

this process helps ensure clarity on how data is measured, categorized, and analyzed, facilitating 

consistency and validity in statistical interpretation. 

 

 

Variable Type Description 

Rental Demand Dependent Number of vehicles rented in month  

Average Rental Price Independent Mean daily rental rate charged in month  

Fleet Size Independent Total vehicles available in month  

Inflation Rate Independent Monthly consumer price index inflation 

(%) 

Exchange Rate Independent  USD exchange rate 

Fuel Price Control Average fuel cost per liter 

Holiday Flag Dummy Equals 1 if month contains a major 

national holiday 0 if otherwise 

 

3.4 THE BOX-JENKEINS METHODOLOGY 

 

The research study utilized the box – Jenkins methodology to develop ARIMA models to forecast 

car rental demand, the methodology which was originally proposed by Box and Jenkins (1976) 

was used to validate ARIMA and SARIMA models effectively and forecast future car rental 

demand. This approach emphasized on iterative model refinement through a cycle of model 

identification, parameter estimation, diagnostic checking, forecasting. 

 

     3.5.0      MODEL INDENTIFICATION  

 

The researcher at this stage started with testing for stationarity of the rental demand time series 

using the Augmented Dickey-Fuller test which was originally proposed by Dickey and fuller in 

1979. If the series is found to be non-stationary, differencing is applied iteratively until stationarity 

is attained. Following this, the autocorrelation function (ACF) and partial autocorrelation function 
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(PACF) plots were analyzed to determine the appropriate orders for the autoregressive (AR), 

integrated (I), and moving average (MA) components of the model. In the presence of seasonality, 

seasonal differencing and the inspection of seasonal ACF and PACF plots were used to identify 

the seasonal parameters. 

 

3.4.1 MODEL ESTIMATION AND EVALUATION 

 

Following the Box–Jenkins methodology, once the appropriate model structure was identified, the 

parameters were estimated using the maximum likelihood estimation (MLE) technique, 

implemented using the statsmodels package in RStudio. As highlighted by Hyndman and 

Athanasopoulos (2018), model selection and comparison are commonly guided by information 

criteria, particularly the Akaike Information Criterion (AIC) and the Bayesian Information 

Criterion (BIC). This study adopted the AIC as the primary selection criterion due to its 

computational simplicity and its effectiveness in balancing model fit and complexity. The model 

with the lowest AIC value was chosen, as it offers the best tradeoff between goodness of fit and 

good model validations. 

 

3.4.2 MODEL CHECKING  

 

With the model parameters estimated, the adequacy of the selected model was examined with a 

battery of diagnostic tests to check if the residuals were acting like white noise, the minimum 

requirement for time series model. The model was tested for autocorrelation through the Ljung Q 

test a procedure that was emphasized by Ljung and Box (1978), and conditional heteroscedasticity 

an arch test procedure which was proposed by Engle (1982). 

 

Residual autocorrelation was initially tested using the Ljung Box Q test, which was conducted in 

RStudio by implementing the Box.test() function on the residuals of the fitted model. This was 

performed at lag levels 1 and 10. The null hypothesis for this test is that the residuals are 

independently distributed. A p-value greater than 0.05 indicated that there was no residual 

autocorrelation in the residuals, which was in favor of the model adequacy. Second, to check for 

the presence of conditional heteroscedasticity as a possible evidence of time-varying volatility, the 

ARCH LM test was conducted using the ArchTest() function from the FinTS package. This was 

done because failure to account for heteroscedasticity can result in inefficient forecasts and 

understated standard errors. The tests yielded non-significant p-values (> 0.05), meaning that the 

residuals lacked ARCH effects and confirmed constant variance through time. 

 

 

3.5.5 FORECASTING  
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As the final step in the Box–Jenkins modeling framework, the fitted model was used to generate 

out of sample forecasts for the demand of car rental. To evaluate the performance of the model, 

forecast accuracy was assessed by comparing the forecasted values against the actual observed 

values from the 20% testing set. The following forecast accuracy metrics were calculated: 

 Root Mean Squared Error (RMSE): was used to measure the square root of the average 

squared differences between forecasted and observed values, placing a heavier penalty on 

larger errors. 

 Mean Absolute Error (MAE): It represented the average of the absolute differences 

between forecasts and actuals. 

 Mean Absolute Percentage Error (MAPE): was used to compute the average absolute 

percent error and was useful for assessing relative accuracy,  

These metrics were computed using the accuracy () function from the forecast package. The model 

with the lowest RMSE, MAE, and MAPE was considered the most accurate. This approach follows 

the recommendation of Hyndman and Athanasopoulos (2018), who advocate for these measures 

as standard tools in time series forecasting due to their interpretability and reliability. 

Overall, this evaluation confirmed the predictive validity of the selected model and ensured its 

suitability for generating insights that can inform demand planning and pricing strategies within 

the car rental sector. 

 

 

3.5 NON-LINEAR PROGRAMMING NLP STANDARD PROCEDURE  

 

 

This research adopted a Non-Linear Programming (NLP) framework to model and optimize car 

rental pricing and revenue performance. Guided by optimization principles outlined in Bazaraa, 

Sherali, and Shetty (2013), the NLP approach was operationalized through five structured stages: 

problem identification, model development, solution method selection, implementation, and result 

analysis. 

 

3.6.1 PROBLEM INDENTIFICATION 

The research identified monthly profit as the objective function. According to Bazaraa, Sherali, 

and Shetty (2013), an objective function is a mathematical expression that defines the goal of an 
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optimization problem, typically involving the maximization or minimization of a particular 

quantity, subject to a set of constraints. 

𝑚𝑎𝑥𝑝= ∑ (𝑃𝑖 ∗ 𝐷̂𝑖(𝑃𝑖)) − 𝐶𝑖(𝐷̂𝑖(𝑃𝑖))𝑖 -----------------------------------------------------------3.1.1 

 

Where Pi  is the rental price for vehicle class i and Di is the demand forecast from ARIMA, and 

represents cost functions. Constraints include fleet capacity and predefined price bounds 

 

3.6.2 MODEL DEVELOPMENT 

The mathematical model is expressed as a non-linear program: 

 

Maximize (p)   ∑ (𝑃
𝑖
𝐷̂𝑖(𝑃𝑖) − (𝐶

𝑖
𝐷̂𝑖(𝑃𝑖)𝑖  --------------------------------------------3.1.2 

 

Subject to ∑ 𝐷̂𝑖(𝑃𝑖)  ≤ 𝐹𝑙𝑒𝑒𝑡_𝑆𝑖𝑧𝑒 𝑖    -------------------------------------------------3.1.3 

 

                  𝑃𝑖
𝑚𝑖𝑛 ≤ 𝑃𝑖 ≤ 𝑃𝑖

𝑚𝑎𝑥 ∀𝑖 --------------------------------------------------3.1.4 

 

 

3.6.3 CHOOSING A SOLUTION METHOD 

 

For smooth, twice differentiable objectives, the research employed sequential quadratic 

programming using via the IPOPT solver. If the problem exhibits non-convexities or discrete price 

tiers, empirical methods such as Genetic Algorithms may be used to avoid local optima 

 

 

3.6.4 IMPLEMENTATION AND SOLUTION 

 

The research implemented the model in Python using the pyomo library. The IPOPT handles 

continuous optimization with warm starts provided by previous period solutions to accelerate 

convergence. Genetic Algorithm routines are sourced from the DEAP package when needed. 

 

3.6.5 ANALYSICS AND INTERPRETATION 
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Following the calculation for post, sensitivity analysis was conducted on important parameters like 

price elasticity of demand, fixed and variable rate of cost, fleet capacity, and seasonality in 

demand. The sensitivity analysis was essential to ascertain the viability and validity of the 

optimized pricing recommendations under varying circumstances of business. As noted by Rardin 

(1998), sensitivity analysis provides a formal method of investigating the sensitivity of the optimal 

solution to input parameter changes in an effort to highlight the stability and realism of the model. 

Scenario testing was applied under assumed peak demand and off-peak demand scenarios to 

examine how resistant the model's recommendations were to external shocks and uncertainty. The 

use of sensitivity analysis was justified in the dynamic and uncertain auto rental business where 

small variations in market behavior or cost conditions could profoundly affect profitability and 

decision-making outcomes. 

 

3.7 ETHICAL CONSIDERATIONS 

 

1. Confidentiality: 

Car rental firm-level data are anonymized firms’ names and proprietary identifiers such as 

registration numbers were not published in this research. 

 

2. Consent:  

Data sharing agreements was acquired from the participating top car rental firms. 

 

3. Integrity:  

All methods adhere to social and academic ethics, ensuring transparency and true 

representation. 

 

3.8 CHAPTER SUMMARY  

 

This chapter presented the research methodology adopted for the study, which followed a 

quantitative approach. It focused on the use of the ARIMA model for forecasting car rental demand 

and the application of a nonlinear programming framework to optimize pricing and revenue 

performance. The chapter also detailed the sources of secondary data, outlined the data sampling 

process, and described the tools and techniques used to prepare the data. To ensure robust model 

evaluation, the dataset was divided into training and testing sets. Finally, the chapter addressed 

ethical considerations such as data confidentiality and transparency, in line with accepted academic 

research standards. 
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Chapter 4 

Chapter 4: Data presentation, analysis and discussion 

4.0 INTRODUCTION 

 

This chapter on data presentation, analysis and discussion of results uncovers statistical analysis 

insights into car rental business analytics and profit maximization using nonlinear programming. 

The findings show that dynamic pricing offers a clear advantage, especially when demand is 

unpredictable. They also highlight the sensitivity of crucial variables like profit and revenue to the 

rising fuel costs, maintenance cost per each rental and seasonal tourism trends and patterns, which 

can significantly shape demand. 
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4.1 PRELIMINARY ANALYSIS 

 

 4.1.1 Descriptive Statistics  

 

This section provides a summary of the descriptive statistics for historical car rental data from top 

firms, analyzing 108 observations across eight variables. These statistics offer insights into market 

dynamics of car rental demand, it’s pricing structures, fleet availability, and broader economic 

influences such as tourism arrivals, inflation rates, exchange rate fluctuations, and fuel costs. By 

examining the distribution and variability of these key indicators, the analysis highlights trends in 

rental activity and the external macroeconomic factors shaping market behavior during the 

observed period. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4.1.0 Descriptive Statistics 

 

 

Variable count mean std min 25% 50% 75% max 

Rental 

Demand 

108 494.91 80.11 339.0 427.0 500.0 553.75 676.0 

Avg Rental 

Price USD 

108 60.59 8.24 405 54.02 59.84 66.72 82.26 

Fleet Size 108 80.19 4.96 64.0 77.0 80.0 83.0 92.0 

Tourism 

Arrivals 

108 12522.4 2123.53 8082.0 10919.25 12466.0 13988.5 17112.0 

Inflation 

Rate % 

108 3.01 0.97 1.57 2.15 2.81 3.7 4.95 
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Exchange 

Rate ZWL 

USD 

108 449.59 90.33 293.73 369.01 446.71 527.84 610.44 

Fuel Price 

USD 

108 1.2 0.08 1.03 1.13 1.19 1.26 1.39 

Holiday Flag 108 0.17 0.37 0.0 0.0 0.0 0.0 1.0 

 

 

The descriptive statistics of the numerical variables shed light on key market indicators with 

valuable insights. The car rental demand reveals a mean of 494.91and standard deviation of 

80.11 representative of levels of rental demand variability. The average rental price is 

calculated as $60.59 with prices ranging from $45.05 to $82.26 representing the fluctuations 

in the market. The fleet size is fairly stable with a mean of 80.19 and a standard deviation of 

4.96, pointing to stability in available cars for rent. Tourist arrivals have a high mean of 

12,522.4 and a standard deviation of 2,123.53 that may be caused by seasonal behaviors and 

economic behaviors. The exchange rate has a higher variability range of 293.73 to 610.44 

ZWL/USD, which points to currency volatility and demise of local currency. Fuel costs at 

$1.20 per liter, they appear relatively stable but nevertheless very expensive compared to the 

area. The holiday flag variable averages out at 0.17 highlighting the low percentage of rental 

activity over stipulated holidays. The figures, when taken together, indicate the fluid 

dynamics among economic factors, rental demand, pricing matrices, and tourism patterns.  

 

4.1.2 Exploratory Data Analysis 

 

Figure 4.1.0 
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The exploratory exploration presents rental demand fluctuating between 350 and 650 with seasonal 

and economic influences, and average rental prices fluctuating from 50 to 80 USD with periodic 

fluctuations. Fleet size is relatively constant, fluctuating between 65 and 90 vehicles, and 

represents the constant availability. Tourism visitors show high fluctuation levels, fluctuating 

between 8,000 and 16,000 with more visitors coinciding with more rental activity. Macroeconomic 

indicators, i.e., inflation between 1.5% and 4.5% and exchange rate fluctuations 300 to 600 rtgs to 

USD, reflect external economic forces that determine market conditions. Fuel prices are stable at 

between 1.05 and 1.35 USD per liter affecting operating costs. This book emphasizes the 

relationship between tourist activity, pricing, demand, and broader economic trends, and 

emphasizes the significance of external factors in shaping car rental market trends and strategic 

decision-making within the industry. 

4.2 DATA PRE-DIAGNOSTIC TEST 

 

This section outlines the preliminary diagnostic tests conducted on the time series to evaluate its 

characteristics and inform the selection of suitable modeling approaches. These assessments 

include stationarity checks utilizing both graphical techniques and statistical tests, such as the 

Augmented Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests. 

 

 

Figure 4.1.1 ADF TEST 

 

 

 
Figure 4.1.2 KPSS TEST 

 

 
 

Since the Augmented Dickey-Fuller (ADF) test statistic is significantly lower than the critical 

values at the 5% significance level, with a p-value of 0.013, and the Kwiatkowski Phillips Schmidt 

Shin (KPSS) test statistic is 0.0360, which is below the 0.100 at the 5% significance level, the null 
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hypothesis of non-stationarity is rejected. This confirms that the time series is stationary, and 

differencing is not required for further modeling. 

 

 

4.3 THE TIME SERIES MODEL 

 

 

1.3.1 MODEL SELECTION AND PARAMETER ESTIMATION 

Table 4.1.1 Auto ARIMA Results 

 

The model fit statistics indicate that the ARIMA (1,1,3) model achieves the lowest Akaike 

Information Criterion (AIC) and Bayesian Information Criterion (BIC) values among the evaluated 

models, suggesting it offers the best overall fit for the data. While AIC and BIC apply distinct 

penalties for model complexity, both metrics consistently identify ARIMA (1,1,3) as the most 

suitable model for this time series analysis. 
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Figure 4.1.3 Parameter Estimation for ARIMA (1,1,3) 

 
 

 

The statistical significance of the estimated parameters provides insight into the model's ability to 

capture dynamics in historical car rental data. While the overall model structure appears 

appropriate, individual parameter significance varies. The AR (1) coefficient of 0.4619 suggests 

moderate positive autocorrelation at lag 1 with a p-value of 0.113, it is not statistically significant 

at the 5% level. Similarly, the MA terms MA (1) = -0.9458, MA (2) = 0.2034, MA (3) = 0.2571 

exhibit large standard errors, with all corresponding p-values exceeding 0.05, indicating that none 

of the moving average terms are statistically significant. 

 

1.3.2 MODEL DIAGNOSTIC CHECKING  

 

Model diagnostics were conducted to evaluate whether the residuals exhibited white noise 

characteristics, indicating the absence of autocorrelation and conformity to a normal distribution. 

 Figure 4.1.4 Ljung-Box Test: 
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No autocorrelation in residuals, residuals resemble white noise. 

 FIGURE 4.1.5 HISTOGRAM AND ACF OF RESIDUALS 

 

Figure 1.3.1  

 

 

The residual diagnostics confirm that the model residuals show characteristics consistent with 

white noise, supporting its validity for time series analysis. The Ljung-Box Q (10) statistic of 0.02 

with a p-value of 0.90 indicates no significant autocorrelation, suggesting that the residuals are 

independent. The Jarque-Bera test statistic of 1.75 with a p-value of 0.42 suggests approximate 

normality, further reinforced by a skewness of -0.03 and kurtosis of 2.30, which align with near-

normal distribution properties. In addiction the heteroskedasticity test results (p = 0.81) indicate 

no evidence of changing variance over time. These findings support the reliability of the model, 

as shown in the residual histogram and autocorrelation function (ACF) plot, both of which 

illustrate the randomness and near normality of residuals, confirming the absence of patterns that 

would require further adjustments. 
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1.3.3 MODEL VALIDATION 

 

Figure 1.1.6 Model Performance Matrix Results 

 

 

 
 

The evaluation of model performance on the test set (20% of the historical data), indicates a 

root mean square error (RMSE) of 49.44 and mean absolute error (MAE) of 42.42 reflecting 

the average deviation between predicted and actual values. The R² value of 0.62 suggests that 

approximately 62% of the variance in the dependent variable is accounted for by the model. 

While the predictive accuracy is reasonable. 

 

 

 

Figure 1.1.7 Actual Vs Forecasted Car Rental Demand (ARIMA) 
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The line graph shows the comparison between actual and forecasted car rental demand using 

the ARIMA model, the testing set covered the period from April 2022 to January 2024. The 

actual demand and predicted demand generally follow similar trends, with fluctuations 

observed over time. While the ARIMA model effectively captures overall movements in 

demand, some deviations are noticeable, particularly during peaks. The forecasted values 

exhibit a reasonable alignment with actual rental demand, reinforcing the model's capacity to 

estimate future trends. This comparison supports the reliability of ARIMA based forecasts. 

 

 

1.3.4 OUT OF SAMPLE FORECASTING  

 

Table 4.1.2 2024 to 2026 Forecasted Car Rental  

 

Date Forecasted Car Rental Demand 

2024-03 495.43 

2024-04 567.75 

2024-05 567.66 

2024-06 571.6 

2024-07 527.09 

2024-08 580.2 

2024-09 500.19 

2024-10 442.68 

2024-11 452.9 

2024-12 420.06 

2025-01 456.63 

2025-02 465.02 

2025-03 544.41 

2025-04 563.13 

2025-05 556.18 

2025-06 599.71 

2025-07 581.81 

2025-08 562.69 
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2025-09 467.39 

2025-10 475.47 

2025-11 454.18 

2025-12 388.39 

2026-01 416.2 

2026-02 416.08 

 

 

 

Figure 4.1.8 2024 to 2026 Forecasted Car Rental Demand 

 

 

 
 

 

 

The visualization on the above figure shows the out of sample predictions for car rental 

demand trained from the historical car rental demand. The model shows a slight increase 

followed by a decline, indicating that external factors such as economic conditions, travel 

trends, and seasonal patterns may influence future rental demand 
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4.3 Non-Linear Programming Model 

 

4.3.1 Problem Formulation 

One of the main objective of this study is to determine the optimal pricing strategy that maximizes 

monthly profit for a car rental company, factoring in both demand sensitivity and operational costs. 

Using out of sample rental demand forecasts obtained from the ARIMA model the research 

formulated a profit maximization problem shown by the figure below. 

 

Figure 4.1.9 Formulated Profit Maximization Function 

  

 

The symbolic profit function derived in this study it captures the interaction among price 

decisions, rental demand, and operating costs in the car rental sector. The demand component 

captures the linear slope reduction in rental demand with an increase in price as per the 

economic theory of price elasticity. The revenue is captured by the product captures how price 

changes influence total quantity of sales directly. Another revenue adjustment variable, take 

into consideration the impact of exogenous shocks such as holiday flags as seasonals. The 

fixed cost constant value of 4850.0 sums up the past average monthly expenditure on 

fundamental inputs such as fuel and maintenance on vehicles using operating history figures. 

This profit function provides analytical assistance in simulating profitability for varying 

prices and serving as a strategic tool to conduct sensitivity tests.  

 

 

4.3.2 Optimization Analysis  

 

The results of the non-linear optimization shown on figure 4.2.0 shows that the optimal rental price 

point lies within the range that balances profitability with market demand. At the optimal price of 

approximately $20.00, the projected monthly profit reaches a maximum of $11461.9, showing the 

significance of strategic pricing in car rental operations for Zimbabwe top car rental firms. 

The profit curve plotted against varying price levels confirms the concavity of the objective 

function, indicating a single peak in profitability. This validates the assumption of diminishing 

returns at higher price levels due to reduced demand elasticity. The model results substantiate that 

marginal increases in price beyond the optimum reduce demand significantly, thus eroding 

profitability despite higher per-unit revenue. 
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Figure 4.2.0 Simulated Profit Curve  

 

 
 

 

 

Table 4.1.3 Optimization Results Summary  

 

 

 
 

4.3.3 Sensitivity Analysis  

 

To examine and validate the optimization model, a sensitivity analysis was conducted by 

systematically varying key input parameters such as price elasticity, fuel and maintenance costs, 

and demand effect derived from the out of sample forecast by the classical ARIMA model. This 
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approach also allowed assessment of how profit outcomes respond to uncertainty and external 

changes. The table below shows top 10 most profitable scenarios from sensitivity analysis. 

 

Table 4.1.4 Sensitivity Scenarios and Impact on Expected Profit 

 

Fuel cost  $1.20 Maintenance 

cost $ per rental  

Price sensitivity   Fixed Optimal 

price   

Expected profit 

$   

0.68 6.5 -1.47            20.0 11681.9   

0.75 4.5 -1.47            20.0 11676.9   

0.83 3.5 -0.32            20.0 11676.9   

1.00 8.5 -0.24            20.0 11671.9   

1.10 5.5 1.45            20.0 11671.9   

1.15 8.5 1.58           20.0 11671.9   

1.15 6.5 1.51            20.0 11666.9 

1.20 3.5 -1.69            20.0 11666.9 

1.30 3.5 -1.64           20.0 11666.9 

1.35 6.9 -1.02            20.0 11666.9 

 

Sensitivity of Profit to Input Variables 

The figure 4.2.1 below shows which variables are key input parameters influence profit outcomes, 

holding all other variables constant. The variables tested include price elasticity, fuel cost, 

maintenance cost, and exogenous demand effects. Among these, price elasticity of demand 

exhibited the most significant impact on profit. A 10% shift in elasticity led to a substantial decline 

in profitability, while adjustment significantly increased projected profits. This result shows that 

critical importance correct pricing but yet staying within the customer’s reach. 

The demand effect ranked second in terms of influence, showing that external factors such as 

tourism cycles, economic conditions, and promotional campaigns can substantially sway demand, 

and hence revenue. Meanwhile, fuel and maintenance costs, though still impactful, had a relatively 

moderate effect on profit variability. These costs are relatively more predictable and may be 

controlled through operational efficiencies or strategic procurement. 

Figure 4.2.1 Sensitivity of Profit To Input Variables 
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4.4 Result Discussions  

 

Combining time series forecasting with non-linear optimization offered valuable insights into 

pricing strategies within Zimbabwe’s car rental industry. The ARIMA model highlighted the 

influence of seasonal trends and macroeconomic factors on rental demand. These forecasts were 

then used in a nonlinear programming model to develop pricing recommendations, identifying an 

optimal rental price of $20 per day that balances customer demand with operational costs. Notably, 

the ARIMA (1,1,3) model showed a marked improvement in performance when exogenous 

variables were included, increasing the R² from 0.06 to 0.62. This demonstrates the significance 

of incorporating external influences in demand forecasting. The use of a symbolic profit function 

added clarity and flexibility, making it easier to test and compare different pricing scenarios an 

approach that supports strategic decision-making in the car rental sector. Sensitivity analysis, 

illustrated through a tornado diagram, found that price elasticity had the largest impact on profit, 

followed by demand levels, fuel prices, and maintenance costs. A shift in price elasticity alone led 

to profit changes of over ±150 units, emphasizing the need for adaptable pricing strategies that 

align with consumer behavior. Overall, the modeling approach integrating accurate forecasting, 

optimization, and risk analysis proves essential for guiding effective business decisions in 

Zimbabwe’s evolving car rental market. 
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4.5 Chapter Summary  

 

This chapter outlined the analytical framework used to forecast rental demand and optimize pricing 

strategies in Zimbabwe’s car rental industry, along with a discussion of the key results. Initially, 

ARIMA (1,1,3) models both with and without exogenous variables were used to generate demand 

forecasts based on historical data. The model with external variables produced more accurate 

predictions, highlighting the value of incorporating macroeconomic and seasonal influences. 

Building on these forecasts, a nonlinear programming approach was used to develop a symbolic 

profit function that reflected demand behavior and operational costs. Through this optimization 

analysis, the model identified a rental price that would maximize profitability. Sensitivity testing 

was then conducted to assess how changes in economic conditions could affect the optimal pricing 

outcome. Overall, the findings support the development of data-driven and adaptable pricing 

policies for Zimbabwe’s car rental market 
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Chapter 5 

Chapter 5: Summary, Conclusions and Recommendation 

 

5.0 Introduction 

 

This chapter provides a research summary of main findings, drawing important conclusions, and 

presenting practical recommendations based on analysis of the mechanisms of pricing and its role 

in the profitability of car rentals in Zimbabwe. Non-linear statistical modeling was utilized by the 

study to model regions of rising profitability within the industry. In addition to revealing the 

general findings, the chapter further reveals potential directions for future studies that can be 

assisted by current results and enhance decision-making in the broader transport and tourist 

industries. 

 

5.1 Overview of Research and Findings 

 

The foremost aim of this research was to determine the extent to which car rental profitability and 

revenues in Zimbabwe are affected by price policies using non-linear modeling approaches. The 

aim of the research was to create a statistical model that could forecast revenue patterns and 

determine optimal prices to gain maximum returns. Statistics for local car rental companies for the 

period 2023 to 2024 were used. Key variables included car rental charges, cars on the fleet, car 

rental demand, fuel and maintenance cost. 

 

Descriptive statistics also revealed significant price fluctuation with an average rental rate of 

$60.59 and a variation range of $45.05 to $82.26, reflecting seasonality and car class market forces 

prevailing over the main. Off-season periods during holidays and displayed higher price elasticity, 

while off-seasons were price inelastic with adaptive pricing requirements to solicit demand. 

 

ARIMA (1,1,3) was similarly applied for time series forecasting. Pre-diagnostic tests such as the 

Augmented Dickey-Fuller (ADF) and KPSS were conducted to ensure that the data were 

stationary. The ARIMA model had an R² value of 0.62, demonstrating a moderate prediction 

performance, especially when the forecasting variables such as tourism arrivals and inflation were 

used. 

 

Subsequently, a nonlinear programming model was constructed using the forecasted demand 

values. The optimal solutions indicated that the rental rate which maximizes profit is $20 per day 

and corresponds to an anticipated demand level of approximately 573 rentals monthly, at estimated 

monthly revenues of $11,466.59. Sensitivity analysis also pinpointed price elasticity of demand as 

the most significant driver of profitability, followed by tourism demand, fuel, and maintenance. 

These results underscore the need for dynamic pricing mechanisms to react to both internal cost 

drivers and external market conditions, i.e., tourism and economic cycles. 
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5.2 Findings 

 

The study here provided insights into optimizing the profitability of Zimbabwe car rental services 

using time series forecasting and non-linear model approaches. Pricing strategy was seen to play 

an important role in profitability due to the fact that price changes, particularly in situations of high 

elasticity, can be capable of shifting financial outcomes. Application of ARIMA model for 

forecasting demand was seen to be useful because it offers a solid data based foundation for pricing 

strategy. Additionally, nonlinear programming models were discovered to be effective in 

determining optimal price under conditions of cost and demand as well as sensitivity testing. 

Lastly, the research emphasizes flexible pricing mechanisms and quality cost control in an effort 

to control demand fluctuation and profitability over time. 

 

5.3 Recommendations 

 

According to the research findings, certain suggestions were laid out for stakeholders of the 

Zimbabwean car rental sector. Car rental operators should use dynamic pricing models that are 

responsive to seasonality, demand elasticity compared to static pricing models. Rental operators 

should be tracking economic drivers such as exchange rates and petrol prices on a regular basis 

and recommend short term changes as well as long term pricing models. Including the analysis of 

customer behavior is crucial like knowing how clients react to price fluctuations can maximize 

advertisements and promotion campaigns. Being operationally efficient should be the first priority 

by implementing fuel-efficient vehicle programs and maintenance practices ahead of time to 

minimize costs and remain profitable. Finally, more coordination with tourism stakeholders is 

promoted to allow the car rental operators to correlate with tourism industry promotion, be more 

in a position to predict changes in demand, and allow optimal fleet size and utilization. 

5.4 Areas of Further Research 

 

Although the current research has made significant contributions, there are still areas of further 

research to complete the research gap. Future research could include real-time cancellation and 

booking information to model more dynamic and more responsive pricing situations. An 

investigation of using cutting-edge machine learning techniques, deep learning can also analyze 

the research study with even greater assistance, will also introduce more responsive and accurate 

demand forecasting and price optimization systems. Also, expanding the geography to cover a 

couple of cities or countries in the SADC block could also be useful for relative comparisons of 

regional price policy and market place realities. Adding customer satisfaction measurements 

would allow better comprehension of the impact of service quality on repeat usage and price 

acceptability. Lastly, an examination of the effects of transport regulations and fuel prices 

regulation by ZERA would improve pricing strategies that would generate policy relevant 

recommendations that promote profitability.
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Model building Codes  

 

# 1. Import required libraries 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

from statsmodels.tsa.stattools import adfuller, kpss 

from statsmodels.tsa.arima.model import ARIMA 

from statsmodels.graphics.tsaplots import plot_acf, plot_pacf 

from scipy.optimize import minimize 

from sklearn.metrics import mean_squared_error, r2_score 

 

# 2. Load and preprocess dataset 

data = pd.read_excel("car_rental_data.xlsx", parse_dates=['Date'], index_col='Date') 

data = data.dropna() 

demand = data['Rental_Demand'] 

price = data['Rental_Price'] 

exog_vars = data[['Tourism_Arrivals', 'Inflation_Rate']] 

 

# 3. Stationarity tests 

adf_test = adfuller(demand) 

kpss_test = kpss(demand, regression='c') 

 

# 4. ARIMA model selection and fitting 

model = ARIMA(demand, order=(1,1,3), exog=exog_vars) 

model_fit = model.fit() 

 

# 5. Forecasting 

forecast_steps = 12 

forecast = model_fit.get_forecast(steps=forecast_steps, exog=exog_vars[-forecast_steps:]) 

forecast_mean = forecast.predicted_mean 

 

# 6. Model evaluation 

actual = demand[-forecast_steps:] 

rmse = np.sqrt(mean_squared_error(actual, forecast_mean)) 

r2 = r2_score(actual, forecast_mean) 

 

# 7. Define profit function for optimization 

def profit_function(p, elasticity=-1.2, fixed_cost=470, var_cost=5): 

    demand_est = 600 + elasticity * (p - 60) 

    revenue = p * demand_est 
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    cost = fixed_cost + var_cost * demand_est 

    return -(revenue - cost)  # Negative for maximization 

 

# 8. Run optimization to find profit-maximizing price 

opt_result = minimize(profit_function, x0=[60], bounds=[(10, 100)]) 

optimal_price = opt_result.x[0] 

max_profit = -opt_result.fun 

 

# 9. Sensitivity analysis on elasticity and costs 

elasticity_range = np.linspace(-2.0, -0.5, 10) 

profits = [] 

for e in elasticity_range: 

    prof = -profit_function(optimal_price, elasticity=e) 

    profits.append(prof) 

 

# 10. Plot sensitivity analysis 

plt.plot(elasticity_range, profits) 

plt.title("Profit Sensitivity to Price Elasticity") 

plt.xlabel("Price Elasticity of Demand") 

plt.ylabel("Projected Profit") 

plt.grid(True) 

plt.show() 

 

 

 

Data Source Link 

 

https://zimbabwe.opendataforafrica.org/ 


