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Abstract

:

Background: A measurable feature of the efficiency of vehicle use in transportation companies is the revenue from transport orders, which has a significant impact on their profitability. Therefore, it is important to skillfully analyze the parameters related to the operation of vehicles and their impact on the bottom line. Transportation companies, when managing their operations, take steps to reduce operating costs. The above makes a large number of studies available in the literature on the analysis of vehicle damage or wear of system components, as well as ways to predict them. However, there is a lack of studies treating the impact of the parameters of specific orders on economic efficiency, which is a research niche undertaken in the following study. Methods: The purpose of this article was to analyze the economic efficiency of vehicle operation in terms of the financial security of enterprises. The main research problem was formulated in the form of the question of how the various parameters of a transport order affect its profitability. During our study, critical analysis of the literature, mathematical modeling and inference were used. A detailed analysis of transport orders executed by SMEs (small and medium-sized enterprises), which are characterized by a fleet of light commercial vehicles with a capacity of up to 3.5 t, was carried out in the FMCG (Fast-Moving Consumer Good) industry in Poland in 2021–2022. Due to the binary variable form, a logistic regression model was elaborated. The estimated parameters of the model and the calculated odds ratios made it possible to assess the influence of the selected factors on the profitability of orders. Results: Among other things, it was shown that in the case of daily vehicle mileage, the odds quotient indicates that with each additional kilometer driven, the probability of profitability of an order increases by 1%. Taking into account the speed of travel, it is estimated that with an increase in its value by 1 km/h, the probability of profitability of an order decreases by 3%. On the other hand, an increase in cargo weight by 1 kg makes the probability of a profitable order increase by 9%. Conclusion: Through this study, the limited availability of low-cost analytical tools that can be applied during transportation fleet management in SME companies was confirmed, as was the use of simple and non-expansive mathematical models. At the same time, they are not “black boxes” and therefore enable drawing and implementing model conclusions into operations. The results obtained can help shape the overall strategy of companies in the area of vehicle operation and can support the decision-making process related to the management of subsequent orders, indicating those that will bring the highest profit. The above is very important for SME companies, which often operate on the verge of profitability.
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1. Introduction


Dynamic changes in the business market and the constant increase in customer expectations force transportation enterprises to constantly seek methods and tools to optimize processes and improve the efficiency of the entire transport system, which, operating in a changing environment, is susceptible to negative effects [1]. The consequences may include the disruption of transportation tasks or a complete inability to undertake transportation activities.



The diverse set of qualitative and quantitative data describing the execution of a single transport order and the constantly changing conditions of vehicle use mean that taking rational and planned actions in transportation enterprises in terms of intensity of use, maintenance activities, control or monitoring is often driven by intuitive and subjective feelings, which does not strengthen the position of the enterprise’s vehicle operation strategy. The large number of variables describing the process of vehicle use, especially in micro- and small enterprises, means that, in practice, the coefficients characterizing the operation of vehicles and their impact on the profitability of the tasks carried out are not analyzed [2]. Lack of awareness of the cause-and-effect relationship of the process of using and operating vehicles results in users often making decisions that are inappropriate and irrational from the point of view of the business outcome. This significantly affects the quality of the vehicle operating system, generates costs associated with its use and operation and may cause the risk of incurring financial losses when the cost of executing the order exceeds its value.



SME enterprises are characterized by the small number of vehicles they own as part of their fleet. Due to their limited budget, which is mainly due to the fact that they carry out less profitable transport orders, they are unable to implement advanced transportation management systems (e.g., TMS class) to optimize their operations. This causes them to rely solely on their experience when deciding whether to undertake an order and its pricing. The above causes them to often execute orders at a price below the break-even point. This causes the economic efficiency of such entities to decrease significantly. Therefore, it seems important to build simple and accessible tools to support decision-makers in the decision-making process for the execution of transport orders. The above formed the basis for further analysis [3].



The purpose of this article was to analyze the economic efficiency of vehicle operation in terms of enterprises’ financial security. For the purpose of the study conducted, the research problem was formulated as follows: How do the various parameters of a transport order affect its profitability? The following research methods were used: critical analysis of the literature, mathematical modeling using a logistic regression model and inference (synthesis and deduction). In this article, an analysis was made of the execution of transport orders in an SME enterprise (which is characterized by a fleet of light commercial vehicles with a capacity of up to 3.5 t) providing services in Poland in the FMCG industry. Logistic regression was used in this article. The accumulated observations and preliminary analyses carried out made it possible to isolate the main factors affecting the profitability of a transport order and enabled the selection of the model’s predictors. These included qualitative variables, characterizing lead time, and quantitative variables, describing operating parameters, i.e., daily mileage, driving speed or fuel consumption. The parameters estimated by the regression model made it possible to analyze and evaluate the relationships that occurred. The quality of the proposed model was verified by analyzing the significance of the parameters and testing the goodness of fit using the Receiver Operating Characteristic (ROC) Curve and the Area Under ROC (AUC) Curve.




2. Literature Analysis


Efficiency is a concept widely described, although it is often not clearly defined in the literature. With regard to the profitability of implemented activities, the literature most often uses the concept of economic efficiency. Efficiency, not as a technical but as an economic category, determines the outcome of the evaluation of the enterprise’s activities as well as its individual areas, i.e., the process of vehicle use, service and diagnosis. One of the most popular definitions of economic efficiency indicates that it is an activity that is waste-free and aimed at achieving the best result within the available resources and technology [4,5]. In general terms, it is defined as the ability to use one’s resources in such a way as to achieve a given goal in the most efficient and least wasteful manner. The essence of measuring such efficiency is to compare the effect achieved with the inputs consumed [6]. Samuelson and Nordhaus defined efficiency as the most effective application of a society’s available resources in the process of satisfying needs [7]. According to organizational theory, efficiency is considered the broadest in meaning among such concepts as performance, productivity, economy, rationality or effectiveness [8]. Efficiency can apply to both individual entities and the economy as a whole [9]. Moreover, it can be considered in the short and long term [10]. An enterprise is efficient if, making full use of its resources, it produces goods that are in demand in the market without unnecessary stockpiling [11]. In an attempt to capture the essence of efficiency, Pyszka points out the ambiguous interpretation of this concept, which is undergoing constant modification with the development of management theory [12].



When analyzing considerations of efficiency, it is necessary to adopt such a concept of it that most aptly characterizes the work of delivery vehicles [13]. Therefore, the following section of this paper will analyze the efficiency of use, which will be considered from two aspects, i.e., functional, related to efficiency and compliance with customer requirements, and economic, related to the profitability of orders. This approach was adopted because, in many publications, the authors confirm that the efficiency of transportation enterprises is a universal concept determined by the rational management of vehicles [14,15]. However, the transportation tasks carried out in transportation enterprises can be efficient from one point of view and inefficient from another [16]. Thus, the main objectives of rational vehicle management in transportation enterprises include minimizing expenditures on the operation of vehicles, thus increasing the enterprise’s profit from the execution of orders [17].



For transportation enterprises, the measurable feature of the efficiency of the use of vehicles is always the revenue from the execution of transport orders and the resulting costs. The optimal management of the vehicle use process should always be aimed at maximizing revenue and minimizing costs [18].



Effective management of the system of operation of delivery vehicles expresses the entire ability to meet the specific needs of users and is focused on making rational decisions aimed at maximizing the degree of achievement of the objectives, including the bottom line [19]. Shaping and evaluating the effects of the vehicle use process in transportation enterprises is closely related to the need to optimally allocate tasks to vehicles along with maintaining their performance characteristics at an appropriate level under specific operating conditions [20]. These features, which meet the requirements of representative ones, should be controlled on an ongoing basis in order to maintain the fitness of the vehicle. With the help of the selected operating ratios, the fleet manager can verify the intensity of vehicle use in real time, analyze the profitability of the actions taken and plan the process of vehicle use. An analysis of the literature showed that there are a number of studies on the economic efficiency of vehicles, but they are conducted for heavy-duty vehicles whose payload exceeds 9.5 t [21]. However, there is a lack of studies dealing with fleets of light commercial vehicles with a cargo capacity of up to 3.5 t. In addition, due to costs, micro- and small enterprises rarely implement modern information systems to support decision-making in vehicle operation. The lack of access to specialized tools causes decision-makers to rely solely on their experience when valuing an order and undertaking its execution [22]. This causes them to rely solely on their experience when deciding to undertake an order and its valuation. They often undertake orders that are completely unprofitable for them (e.g., with a cargo weight above the permitted capacity, taking the risk of receiving a fine or damaging the vehicle) or price the order at or below the profitability limit. A characteristic feature of such entities is that they perform transports over short distances (within up to 200 km of their headquarters) and for relatively small amounts. As a result of their decisions, these entities do not make a high profit and cannot invest in further development, including both IT systems and the purchase of a new fleet of vehicles. That is why it is important to provide simple decision-support tools, the implementation of which does not require large financial outlays. Such a tool can be the logistic regression model presented in this article for assessing the economic efficiency of vehicle operation in transportation enterprises. This research was conducted at an SME transportation enterprise that provides transportation services to a trade company operating in the FMCG (Fast-Moving Consumer Good) sector in Poland. The main characteristic of this industry, both in Poland and around the world, is the relatively low price of the products offered to customers, as well as the fact that they are sold on a mass scale and with very short delivery times [23]. The above makes it necessary for the transport processes implemented for this industry to be characterized by relatively low costs and high reliability. The performance of transportation services for this type of industry is characterized by a special approach due to the type of cargo being carried. The specific nature of the products transported, i.e., eggs, fresh vacuum-packed meat and cured meats, requires transportation enterprises to handle orders particularly quickly and efficiently, with the goal of ensuring the freshness of the products. Appropriate transportation methods and conditions, cargo security, flexibility and often taking on orders immediately are all challenges that a carrier providing food transportation services must address. From the point of view of trade companies, the most important criterion for the selection of a transportation enterprise is the price of the service provided, but given the nature of the product, the complex logistics chain and the very short delivery times, trading companies rely on the flexibility of the carrier and are willing to pay a higher price to pick up the cargo as quickly as possible and deliver it to the recipient. These types of orders are an opportunity for carriers to earn much more revenue, so it is important to be able to analyze and evaluate the factors that have a key impact on the profitability of the order being executed and the degree of this impact.




3. Methodology—Logistic Regression Model


The analysis and evaluation of the profitability of transport orders were made using a logistic regression model. It provides a mathematical notation of the effect of several variables x1, x2, …, xn on the dichotomous variable Y, which takes the value of 1 when the order is profitable and 0 when the enterprise suffers financial losses. The mathematical function in this kind of model is the logistic function, which takes the form presented in (1) below [24]:


  f   x   =     e   x     1 +   e   x     =   1   1 +   e   − x      



(1)




where



e—Euler number;



x—value of the explanatory variable X.



The logistic regression model is described by the following equation:


  P   Y = 1     x   1   ,   x   2   , … ,   x   k     =     e     β   0   +   ∑  i = 1   k      β   i     ·   x   i         1 + e     β   0   +   ∑  i = 1   k      β   i     ·   x   i        



(2)




where



βi i = 0, …, k—logistic regression coefficients;



x1, x2, …, xk—independent variables, which can be both measurable and qualitative.



It is based on a way of expressing probability through odds, i.e., the ratio of the probability of an event occurring to the probability that it will not happen. For a given event A, the above definition takes the following form:


    O d d s   S   A   =   P   A     P   n o A     =   P ( A )   1 − P ( A )    



(3)







The measure of the relationship between the variables in the above model is the odds ratio (OR), which, when comparing groups A and B, should be understood as the ratio of the chance of occurrence of A to the chance of occurrence of B. It is most often written in the following form:


    O R   A x B   =   S ( A )   S ( B )   =   P ( A )   1 − P ( A )   :   P ( B )   1 − P ( B )    



(4)







Regression coefficients βi, where I = 0, …, k, are estimated based on the maximum reliability method (MRM), which maximizes the reliability function or its square. The reliability function takes the following forms [25]:


  L     x   1 ,     x   2   ,   … ,     x   n   ;   θ   1   ,   θ   2   , … ,   θ   k     =   ∏  i = 1   n    p (   x   1     ;   θ   1   ,   θ   2   , … ,   θ   k   )   for   discrete   variables  



(5)









   L     x   1 ,     x   2   ,   … ,     x   n   ;   θ   1   ,   θ   2   , … ,   θ   k     =   ∏  i = 1   n    f (   x   1     ;   θ   1   ,   θ   2   , … ,   θ   k   )   for   continuous   variables   



(6)







where



    θ   1   ,   θ   2   , … ,   θ   k    —unknown distribution parameters;



    x   1 ,     x   2   , … ,   x   n    —observed values of variable X in a random sample;



p(x)—distribution defined by a probability function;



f(x)—distribution defined by the density function;



L—reliability function.



Taking into consideration that all observations are independent of each other, the probability of observing the entire data set is equal to the likelihood function of the individual samples.



The use of a logistic regression model is only possible after examining and meeting the following requirements:




	-

	
The dependent variable is binary;




	-

	
There is no correlation between the independent variables;




	-

	
There is a linear relationship between the probability logit and the independent variables;




	-

	
The model includes only those independent variables that have a significant impact on the dependent variable.









The assessment of the correctness of the built model and its goodness of fit is possible by doing the following:




	-

	
Using statistics used in evaluating diagnostic tests, i.e., accuracy (ACC), sensitivity (SE) and specificity (SP);




	-

	
Performing the Hosmer and Lemeshow test;




	-

	
Plotting the ROC curve and analyzing the area under the AUC curve.









To evaluate the research conducted and the results obtained, a value and the corresponding cut-off point should be determined. It is the value of the research variable for which it is possible to best divide the set into two groups (the phenomenon occurs and does not occur). This point is a fixed value of π0 from the interval [0,1], for which the following is assumed:


    P  ^    Y =   1   x   >   π   0    



(7)







To assess model goodness of fit, two quantities are most often used simultaneously: sensitivity and specificity (defined as difference 1—SP). For evaluation, the obtained pairs of 1—SP and SE values are marked on a plane, where the horizontal axis represents 1—SP values, while the vertical axis represents SE values. The combination of the obtained points forms the so-called ROC curve, which allows an overall evaluation of the predictive quality of the model. It shows all possible cut-off points and the statistics associated with them. In addition, it does not depend on the scale adopted and allows easy reading of sensitivity and specificity values.



If there is a continuous independent variable in a logistic regression model, a number of different cut-off points can be tested to distinguish occurrences from non-occurrences, depending on the predicted probability. It is important to find a point that has high values of both sensitivity and specificity. This is the optimal cut-off point, which is determined using the Youden index (J). It takes the following form:


  J = s e n s i v i t y + s p e c i f i c i t y − 1  



(8)







The optimum cut-off point corresponds to the case where the J value reaches its maximum.



An analysis of the literature has shown that there are many scientific publications using logistic regression models to analyze diversified problems and variables. These models have also been applied to assess the profitability of companies. Zizi et. al. [26] used it to assess the determinants and predictors affecting SMEs’ financial failure, considering only the macroeconomic indicators that characterize these companies. Budak and Sarvari [27] analyzed profit margin prediction in sustainable road-freight transport. Their study, however, considered a company without its own fleet of vehicles, which, when valuing orders, operates only by assessing its own margin, which is added up to the value of the order given by the truck driver. Conrad IV [28], on the other hand, carried out an analysis of the profitability of individual timber deliveries for truck owners doing business in the USA, indicating that it is often unprofitable (86%) and explaining the reasons for this. The above are only examples of the application of the regression model to similar cases; however, no studies dedicated to the analysis of the profitability of transport orders, especially for companies with a fleet of delivery vehicles, were found.




4. Results and Discussion


This article analyzes the bottom-line figures for transport orders registered in 2021–2022, which were carried out by transportation enterprises of the SME sector in the FMCG industry in Poland. Due to the knowledge of the Polish transport market and the fact that, in 2021–2022, Polish transport companies were the industry leaders among all EU countries, it was decided to choose this country as an appropriate example of process implementation [29]. Additionally, our study covered the years 2021–2022, i.e., the post-pandemic period, in which a significant increase in the number of transport operations was recorded. It focuses on the profitability of their execution and the analysis of the impact of vehicle performance on enterprises’ bottom line. An analysis of operating costs showed that for a transport order to be profitable, its value should be min. PLN 500. Therefore, an order profitability index with a binomial distribution was indicated as the dependent variable, where 1 meant that the order was profitable and 0 meant that its cost exceeded revenue, generating a loss. Therefore, a logistic regression model was used. The data set size was 13,000 observations. They were divided into two subsamples, test and training, in a ratio of 80–20.



Building the model began by selecting the factors that could affect the explanatory variable. The ones selected were those related to the operating conditions of the vehicles, i.e., daily mileage [km], operating time [min], driving speed [km/h], cargo weight [kg], fuel consumption [l] and the seasonality of the deliveries made, i.e., day of the week and month of the order. The first part of this study analyzed and evaluated the impact of the selected parameters on the dependent variable. For this purpose, the LR test, which allows testing whether a univariate model containing a given variable is significantly better than a model containing only an absolute term, was used. The results are presented in Table 1.



The calculated p-value for the variable day of the week was 0.09, which means that the null hypothesis of no significant effect of this variable on the analyzed phenomenon could not be rejected. Therefore, the variable was also eliminated and not considered further in our study. For the remaining variables, the calculated p-value of the test conducted indicated that the alternative hypothesis, stating that their effect on profitability is significant, should be accepted.



The next step examined the strength of the effect of the qualitative variables on the phenomenon under study and their statistical significance. For this purpose, a forest plot, which shows the odds ratios calculated from the regression parameter evaluations, was used (Figure 1).



The plot above was made for the odds ratios, which refer to the regression parameter ratings for the month variable. It should be noted that for the month variable, a significant difference of 1 was not found only for the months of March, September and December; therefore, this variable was included in the further study.



The use of a logistic regression model is only possible if the assumption of linearity of the explanatory variables is met. For the selected quantitative variables, a graphical assessment of the scatterplot was performed along with the analysis of the corresponding logarithm of odds values, and a linearity test was performed [30]. The calculated p-value indicated that there was no basis to reject the null hypothesis of the linear effect of the studied variables on the analyzed phenomenon (Table 2).



In the next step, the collinearity of the explanatory variables selected to build the model was checked. For this purpose, the correlation between the quantitative variables was tested (Table 3). The significance of the correlation is marked in red.



The analysis performed made it possible to isolate two clusters of correlated variables, i.e., fuel consumption and cargo weight, and daily mileage and operating time. Accordingly, it was decided to eliminate the variables fuel consumption and operating time from further analysis.



The next step was to build a multivariate model. For the qualitative variables, parameterizations with an assumed baseline were adopted. Model building was carried out using the backward-step method, which allowed the elimination of irrelevant predictors from the model. The 10-fold cross-validation method, which is an intermediate method between strategies based on splitting the data set into a training and a testing sample and the LOO (leave-one-out) strategy, was indicated as a way to validate the model. It involves dividing the sample into 10 subsets, each of which acts as a subset of the observations used to calculate the prediction errors. The global error score is the average of the values from each subset.



The estimated values of the model parameters are presented in Table 4. On the other hand, the results of the LR test for the significance of the model parameters are shown in Table 5.



All the estimated model parameters proved to be statistically significant. In the case of the month variable for March, April, September and December, the calculated value of the Wald statistic and the corresponding p-value were greater than the adopted significance level of 0.05, so they will be eliminated from the model. The equation of the logistic regression model takes the following form:


  P   p r o f i t a b i l i t y =   1   X   =     e   a       1 +   e   a      



(9)






  where   a = − 6.248 − 0.597 · F e b r u a r y − 1.028 · M a y − 0.807 · J u n e −  0.609 · J u l y − 1.584 · A u g u s t − 1.032 · O c t o b e r − 1.471 · N o v e m b e r + 0.009 ·  m i l e a g e − 0.031 · d r i v i n g   s p e e d + 0.588 · c a r g o   w e i g h t  



(10)







The equation presented above can take the equivalent form of the odds presented in (11) below:


  P   P   p r o f i t a b i l i t y =   1   X     1 − P   p r o f i t a b i l i t y =   1   X     =   e   a    



(11)






  where   a = 0.55 · F e b r u a r y + 0.36 · M a y + 0.45 · J u n e + 0.54 · J u l y + 0.21 ·  A u g u s t + 0.36 · O c t o b e r + 0.23 · N o v e m b e r + 1.01 · m i l e a g e − 0.97 ·  d r i v i n g   s p e e d + 1.09 · c a r g o   w e i g h t  



(12)







Finally, the goodness of fit of the model was tested based on a comparison of predicted and observed values. For this purpose, the Hosmer–Lemeshow (HS) test was used. The HS test is based on comparing the incidence count of the modeled class with its actual realization. The null hypothesis is that the observed and expected counts are not different. The calculated p-value of the HS test was 0.42 and did not warrant the rejection of the null hypothesis, indicating that the model is a good fit for the data.



Next, calculations were made of the odds ratios that the order would be profitable when the various parameters associated with the operation of the vehicle were met. The sign next to the calculated parameter values indicates whether the analyzed factor is a stimulant or a destimulant of the odds of the phenomenon under study.



The calculated odds ratio values (Table 6) indicated that each of the model parameters significantly affects the profitability of a transport order. In terms of daily vehicle mileage, the odds ratio indicated that with each additional kilometer driven, the probability of an order being profitable increases by 1%. When considering driving speed, it was estimated that as its value increases by 1 km/h, the probability of order profitability decreases by 3%. In contrast, an increase of 1 kg of cargo weight makes the odds of profitability of an order increase by 9%. This is because the increase in freight rates is a result of the increase in the weight of goods carried. With regard to the month of order execution, it is inferred from the results that, with reference to January, the probability of order profitability is 0.55 times lower in February, 0.36 times lower in May, 0.45 times lower in June, 0.54 times lower in July, 0.21 times lower in August, 0.36 times lower in October and 0.23 times lower in November.



The developed model can be used to predict the profitability of a transport order depending on the parameters of its execution, so an evaluation of the quality of the prediction was carried out. For this purpose, an ROC curve was plotted, with the AUC, or area under the ROC curve, being the most important parameter for evaluation. It takes values from 0 to 1. The larger the area under the curve, the greater the discrimination of the model, for the evaluation of which Kleinbaum and Klein proposed the following classification (Table 7) [31,32].



As cross-validation was used to validate the model, ROC curves were plotted separately for the training and testing sample sets and AUC areas were calculated (Figure 2 and Figure 3). In addition, a cut-off point and a classification matrix of actual and model-indicated observations were determined (Table 8 and Table 9).



The calculated AUC values for each set were 0.82 for the training set and 0.81 for the testing set, which allows us to conclude that they are characterized by sufficient discrimination. This demonstrates both sufficient adaptation to the data and sufficient quality of the model when new data come in. In addition, the calculated AUC values were close to each other (the difference between them did not exceed 0.05), which allows the model to be considered correct.



For the proposed cut-off point, the sensitivity was 0.619 and the specificity was 0.129. There were 8281 correctly classified cases (7693 positives and 588 true negatives) and 4820 misclassified cases (87 false positives and 4733 false negatives). This allows the built model to be considered correct.



This literature analysis has shown that there are a number of studies on the economic efficiency of vehicles, but they are conducted for trucks weighing more than 9.5 tons. However, there is a lack of research on fleets of light commercial vehicles with a load capacity of up to 3.5 t. However, there are several studies that have examined the profitability of transport orders. Research available in the literature indicates, similarly to the study above, that profitability is influenced by the length of the transport route, increasing the probability as the transport distance increases [28]. It was also indicated that increasing the transported load increases the probability of making a profit, which is also consistent with the results obtained (an increase in fuel consumption increases the probability of profitability). Similar results were also obtained using other mathematical models and ratio analysis methods for vehicles with a load capacity of over 60 t [33] and for orders acquired from the transport exchange market [34]. It should be noted that despite the differences in the load capacity of trucks, similar results were obtained.




5. Conclusions


The study presented in this article was conducted on the basis of data on the execution of transport orders by SME enterprises in the FMCG industry. It was prompted by the peculiarities of the industry’s operation and their impact on the profitability of orders.



The purpose of this article was to develop a model for evaluating the profitability of transport orders based on selected parameters related to vehicle operation. It was made using the value of the order and the costs it generates, thus indicating how the selected parameters affect the risk of loss for transportation enterprises. Based on the results obtained, it can be concluded that each of the selected parameters related to operation significantly affects the profitability of a transport order. In terms of daily vehicle mileage, the odds ratio indicated that with each additional kilometer driven, the probability of an order being profitable increases by 1%. When considering driving speed, it was estimated that as its value increases by 1 km/h, the probability of order profitability decreases by 3%. In contrast, an increase of 1 kg of cargo weight makes the odds of profitability of an order increase by 9%. This is because the increase in freight rates is a result of the increase in the weight of goods carried. With regard to the month of order execution, it is inferred from the results that, with reference to January, the probability of order profitability is 0.55 times lower in February, 0.36 times lower in May, 0.45 times lower in June, 0.54 times lower in July, 0.21 times lower in August, 0.36 times lower in October and 0.23 times lower in November.



SMEs do not have large budgets, so they often cannot invest in advanced software to support the management of transportation processes. In addition, the nature of the FMCG industry and the low price of the products sold force costs to be reduced to a minimum. Therefore, the developed tool, due to its simple form and ability to easily draw conclusions, can be an ideal tool to support decision-makers at the stage of accepting and pricing transport orders.
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Figure 1. Forest plot for month variable (red line means the same effect like January). 
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Figure 2. ROC curve for the training set (red line means random classifier). 
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Figure 3. ROC curve for the testing set (red line means random classifier). 
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Table 1. LR test results.






Table 1. LR test results.





	Variable
	p-Value





	daily mileage
	0.00



	operating time
	0.00



	driving speed
	0.01



	fuel consumption
	0.00



	cargo weight
	0.00



	month
	0.00



	day of the week
	0.09










 





Table 2. LR linearity test results.






Table 2. LR linearity test results.





	Variable
	p-Value





	daily mileage
	0.25



	operating time
	0.18



	driving speed
	0.21



	fuel consumption
	0.65



	cargo weight
	0.45










 





Table 3. Correlation coefficients between quantitative variables.






Table 3. Correlation coefficients between quantitative variables.





	Variable
	Daily

Mileage
	Operating

Time
	Driving Speed
	Fuel

Consumption
	Cargo Weight





	daily mileage
	1.00
	0.85
	0.25
	0.08
	0.05



	operating time
	0.85
	1.00
	−0.13
	0.06
	0.03



	driving speed
	0.25
	−0.13
	1.00
	0.03
	0.04



	fuel consumption
	0.08
	0.06
	0.03
	1.00
	0.93



	cargo weight
	0.05
	0.03
	0.04
	0.93
	1.00










 





Table 4. Estimated values of parameters in the logistics regression model.






Table 4. Estimated values of parameters in the logistics regression model.





	
Variable

	
Modeled Probability: Profitability

Distribution: Binomial; Binding Function: LOGIT




	
Effect Level

	
Parameter

	
Estimation Standard Error

	
Wald’s Test Statistics

	
p






	
intercept

	

	
−6.248

	
0.769

	
65.997

	
0.000




	
month

	
2

	
−0.597

	
0.231

	
6.712

	
0.01




	
month

	
3

	
0.284

	
0.29

	
0.962

	
0.327




	
month

	
4

	
−0.329

	
0.237

	
1.917

	
0.166




	
month

	
5

	
−1.028

	
0.231

	
19.829

	
0.000




	
month

	
6

	
−0.807

	
0.231

	
12.227

	
0.000




	
month

	
7

	
−0.609

	
0.241

	
6.372

	
0.012




	
month

	
8

	
−1.584

	
0.214

	
54.545

	
0.000




	
month

	
9

	
−0.154

	
0.278

	
0.308

	
0.579




	
month

	
10

	
−1.032

	
0.231

	
19.948

	
0.000




	
month

	
11

	
−1.471

	
0.222

	
43.966

	
0.000




	
month

	
12

	
20.685

	
5174.995

	
0.000

	
0.997




	
daily mileage

	

	
0.009

	
0.000

	
440.264

	
0.000




	
driving speed

	

	
−0.031

	
0.007

	
17.341

	
0.000




	
cargo weight

	

	
0.588

	
0.049

	
145.664

	
0.000











 





Table 5. Results of LR test for significance of model parameters.
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	Variable
	p





	month
	0.00



	mileage
	0.00



	driving speed
	0.00



	cargo weight
	0.00










 





Table 6. Estimated values of odds ratios.
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Variable

	
Modeled Probability: Profitability

Distribution: Binomial; Binding Function: LOGIT




	
Effect

Level

	
Odds

Ratio

	
95.00% OR

	
−95.00% OR

	
p






	
intercept

	

	
0.00

	
0.00

	
0.01

	
0.00




	
month

	
2

	
0.55

	
0.35

	
0.86

	
0.00




	
month

	
5

	
0.36

	
0.23

	
0.56

	
0.00




	
month

	
6

	
0.45

	
0.28

	
0.70

	
0.00




	
month

	
7

	
0.54

	
0.34

	
0.87

	
0.00




	
month

	
8

	
0.21

	
0.13

	
0.31

	
0.00




	
month

	
10

	
0.36

	
0.23

	
0.56

	
0.00




	
month

	
11

	
0.23

	
0.15

	
0.35

	
0.00




	
daily mileage

	

	
1.01

	
1.01

	
1.01

	
0.00




	
driving speed

	

	
0.97

	
0.96

	
0.98

	
0.00




	
cargo weight

	

	
1.09

	
1.64

	
1.98

	
0.00











 





Table 7. AUC classification.






Table 7. AUC classification.





	AUC Value
	Score





	0.9 < AUC < 1.0
	Excellent discrimination



	0.8 < AUC < 0.9
	Good discrimination



	0.7 < AUC < 0.8
	Sufficient discrimination



	0.6 < AUC < 0.7

0.5 < AUC < 0.6
	Weak discrimination

Insufficient discrimination










 





Table 8. Classification matrix—factual status and model indication.
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	Anticipated: 1
	Anticipated: 0
	Percentage of Correct





	Observed:1
	7693
	4733
	62%



	Observed:0
	87
	588
	87%










 





Table 9. Cut-off point of the model studied.






Table 9. Cut-off point of the model studied.





	Observation No.
	Cut-Off Point
	True Positive
	True Negative
	False Positive
	False

Negative
	SE
	1-SP





	34
	0.49
	7693
	588
	87
	4733
	0.619
	0.129
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