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I.​ Introduction 

Today, users can choose from many modes of transportation to determine how they get from 
point A to point B. The ever-evolving dynamic of these multiple transportation modes raises the 
question of how individuals choose their preferred modes of transportation. Various factors 
include cost, time, and individual preferences in play. In order to deepen the understanding of 
travel choice decisions, a travel survey was conducted in Sweden to gather data. The 
comprehensive dataset comprises 4,000 observations of individuals and notes their chosen travel 
mode out of those available. The six modes that comprise the data are car driver, passenger, bus, 
train, walk, and bike.  
 
Assuming travelers will choose among available travel options, we hypothesize that travelers 
seek to minimize two variables: total travel time and cost. Travels will make trade-offs between 
the two based on individual preferences and situational needs. For longer-duration trips, travelers 
prefer lower-cost options (measured as cost per hour). In rank order are train, bus, car passenger, 
and car diver. For free travel modes, the choice of travel seems less related to the duration of 
travel and may depend on outside factors. In a-priori hypotheses format, the following are our 
hypotheses.  

●​ Hypothesis 0: Travelers will choose among available options.  
●​ Hypothesis 1: Travelers aim to reduce both their total travel time and cost.  
●​ Hypothesis 2: Individual preferences and situational play a decisive role in the trade-offs 

travelers make between travel time and cost.  
●​ Hypothesis 3: As the duration of a trip increases, travelers show an increased preference 

for low-cost per hour travel options. Travelers rank their preference for low-cost options 
in the following order: train, bus, car passenger, and car diver.  

●​ Hypothesis 4: For free travel modes, the decision on the mode of transportation is less 
influenced by the trip duration and external factors play a significant role in the choice of 
travel mode. 

Note that the variables that will be used to answer the questions of how individuals make their 
choices regarding their preferred modes of transportation are mode, car cost, car time, pass cost, 
pass time, bus cost, bus total time, train cost, train total time, walk time, and bike time.  
 
Through the wide variety of variables from the dataset used in the analysis, the overarching goal 
of the study is to highlight the nuanced decisions that individuals make in choosing their travel 
mode, to understand the trade-offs, and to provide insights into the transportation industry in 
Sweden.  
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II.​ Method 

In order to understand transportation preferences in Sweden and through data analytics and a 
systematic approach, the dataset provided insight into 4000 individuals' transportation choices 
among six available transportation options. The dataset consisted of 4,000 observations of an 
individual's chosen mode of transport among the available options of car driver, car passenger, 
bus, train, walk, and bike. Along with the specific chosen mode, the data also included 
information associated with each available transportation mode of the 4,000 individual 
observations. These attributes were cost, travel time, and availability for the respective mode. 
The overarching methodology used within the case study of travel preference was the 
multinomial logit (MNL) model, explained later.  
 
A comprehensive dataset exploration was undertaken in the initial data analysis phase to 
formulate the a-priori hypotheses based on assumed principles rather than actual observation. 
Through the use of descriptive statistics such as averages, standard deviations, and value ranges, 
the numbers enabled an understanding of the underlying distribution and trends within the 
dataset. Note that the dataset was manipulated before the descriptive statistics analysis. This 
manipulation consisted of dividing cost (SEK) by 10 to equal a dollar, travel time from minutes 
to hour, and calculating the total time taken for bus and train by adding walking time to stop 
waiting and travel time. In approaching descriptive statistics, the breaking of the data up into 
when mode x was chosen, and the other available options better provide the sense of the 
statistical analysis rather than looking at the dataset as one whole. This is because, in some cases, 
ie. A train or bus option is only sometimes available when people choose to walk. Tables one and 
two below provide an example for the descriptive statistics analysis when mode one car driver is 
chosen. The data analytical process was repeated six times for each mode of travel.  

 
In continuing the exploratory data analysis, histograms, a type of graph, and correlation 
coefficients were used to provide insight into the strength and direction of the relationships 
among the key variables. Like with the statistical analysis, breaking it down by when the mode is 
chosen highlights the distributive nature of the chosen mode about cost and time. An example 
histogram of bus total time and cost is shown below in Figure 1. Along with plotting histograms, 
we analyzed correlation coefficients. Correlation coefficients measure the strength and direction 
of the relationship between two variables. In Figure 2, such a correlation matrix is presented. The 
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correlation coefficients matrix was also applied to data sets for when each mode was selected for 
additional data analysis.  

 
Multinomial logit (MNL) model, was the critical method used within the study to understand and 
predict the mode preferences of the respondents. The multinomial logit model is a statistical 
method used to model choice outcomes when there are more than two possible alternatives. In 
the MNL model, it denotes individual making choice, i.e. like the mode of preference choice. 
Furthermore, each alternative has attributes which influence its utility. Utility is used to quantify 
the preference of an individual for alternatives. Note the key challenges with MNL models are 
that individuals are individuals and thus traveler's choice may be perceived differently by 
different users, i.e. some prefer things more then others (Sharmeen, 2023). Because MNL models 
are able to handle categorical dependent variables with more then two possible alternatives, 
MNL models are able to provide model estimation and specification. The MNL model returns 
the log likelihood and as an input takes the list of coefficients to be estimated, i.e. the data. 
Moreover, for different models, different predictors are used and the number of coefficients 
differs. First, a base model is run with all coefficients equaling zero. Then, to optimize the log 
likelihood function, the use of the optimize.minimize code is applied. The code determines the 
best-fitting parameters/ coefficients for the MNL model. In model one, all parameters determined 
critical were used, while in model two, only the statistically significant were used. Note that the 
ASC, alternative specific constant, presents were in both models, even if not statistically 
significant. This is because the ASC are there to represent “the net influence of all unobserved 
characteristics of the individuals and the option in its utility function” (Sharmeen, 2023). The 
two models which were estimated with the MNL model are in figure three and four below. 
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Interpretation of the results and tests from our MNL models followed, with paying close 
attention to the statistically significant parameters and the log of likelihood output. What 
followed was a deeper insight into our models and the analysis of the estimation results. Tasked 
with selecting two parameters for our key variables, one with a high t-value and another with a 
low t-value, we examined how the log-likelihood changes when the coefficient of that parameter 
varies from negative to 0 to positive. We were tasked with writing the code, as shown in Figure 5 
below. The analysis helped us understand the influence of the parameters on the model's 
likelihood. Furthermore, in comparison, we looked at the t-test results of the log-likelihood ratio 
test for the two parameters compared to our picked model from the MNL estimation and then 
when we removed the two parameters individually. Thus, we compared the best overall MNL 
estimation model with a model with the low t-statistic parameter removed and vice versa. This 
was done to see how a low and a high t-statistic parameter affects the overall log-likelihood. 
Further, the aggregate sample demand for the alternative modes with the estimated parameters 
was made to calculate the probability of each individual choosing a particular mode of 
transportation given the attributes and predicting the expected number of individuals who would 
choose each mode. The aggregate sample demand was visualized when respective attributes 
were altered to understand the sensitivity and flexibility of mode choice to specific attributes. 
Throughout the methodology, the goal was to understand the attributes and their influence on an 
individual's mode choice.  

 
III.​ Results 

Through the manipulation and exploration of Sweden's 4,000 observational modes of 
transportation preference data, the results are divided into descriptive statistics, model estimation 
and specification, and analytics of the estimation result.  
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The descriptive statistics average values, standard deviations, and ranges of values for the 
variable formulated the hypothesis. The tool enables you to break down the statistics value into a 
comparison ratio of cost per hour. Using the 50%, the variable less influenced by outliers, unline 
mean, which could be skewed, ratios were done for each mode. Note that for the free 
transportation modes, only time was looked at. The ratios are as follows: car driver: 
4.126465245963834, car passenger: 2.778317193747558, bus: 1.7437436683673604, train: 
1.0334759885692986, walk: 0.65225, and bike: 0.442833. The ratios highlight that if cost were 
the critical concern, trains would cost the least money to take you the longest time. Bus, car 
passenger, and car driver follow this. In terms of the free transportation modes, the time which is 
chosen is short time lengths. The histograms highlight the lack of frequency with which trains 
and buses were taken compared to cars. This result suggests an individual preference for 
convenience, no matter the cost factor. Also, it could indicate the need for more public 
transportation options for routes. Figures six, seven, and eight are histograms supporting the 
claim that individual preferences play a substantial role in transportation methods.  

 
The correlation heat matrix is a  representation between multiple variables of how closely related 
different variables are, with 1 - red being perfect and 0 - blue being none. When examining the 
matrix in figure two above, one notices a highly positive relationship between car users, cost and 
time, and passenger users. Of the other correlations, all maintain similar around 0.4 to 0.5, 
indicating a moderate positive relationship, while a relationship exits the result indicates that 
other factors and preferences likely play a role. Note that the walking time relationship often 
hovers around 0.1 to 0.2 compared to the others. Thus, having a low positive correlation but a 
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fair assumption could indicate that walk time would impact individual preferences to choose 
other modes of transportation. The highly correlated attributes are train time and cost, indicating 
that preference for trains is closely related and not as influenced by cost/time factors.  
 
The two model specifications were estimated using the MNL model, the second results section 
group within the lab. The MNL model produced two table datasets highlighting parameters' 
value, standard error, t-statistics, and, if statistically significant, at a 5% level. The first model 
was run with all 15 deemed key parameters, as determined in the a-priori hypotheses, while the 
second was run with all key parameters minus any key parameters that were not deemed 
statistically significant. Within the text, this concluded to exclude pass_time as a parameter. 
Model one variables were [['car_time,' 'car_cost'], ['pass_time', 'pass_cost'], ['bus_cost,' 
'bus_total_time'], ['train_cost,' 'train_total_time'], ['walk_time'], ['bike_time']] and model two 
variables were [['car_time,' 'car_cost'], ['pass_cost'], ['bus_cost,' 'bus_total_time'], ['train_cost,' 
'train_total_time'], ['walk_time'], ['bike_time']]. The two tables are below in tables three and four. 
Furthermore, through optimization of the log-likelihood function with 15 parameters, the 
log-likelihood output was -3848.0403935477702, while in model two,  an optimization of the 
log-likelihood function with 14 parameters, the log-likelihood output was -3848.239141451594. 
The log-likelihood helps contextualize how well a statistical model explains observed data. Thus, 
model two does not fit the data and model one. We are looking for the lower log-likelihood 
because we are using the optimization.minimize code.  

  
The MNL results affected the input for the analytics of the estimation result. The estimation 
MNL showed that model one with 15 parameters and the log-likelihood output was 
-3848.0403935477702 better fit the model. Using model one, we were tasked with picking a 
parameter with a low and high t-statistic and testing the log-likelihood against variations in this 
parameter revealed. The parameter with a high t-statistic is bus total time with a statistic of 
-11.648736144095245, and the parameter with a low t-statistic is pass time with a statistic of 
0.19530673646383995. In Figures nine and 10, the log-likelihood against variations of the 
parameter coefficient is shown. Note that the curves of each parameter are below and that the 
better the log-likelihood is, the better the selected parameters make a better-predicting model. 
Thus, when comparing the two curves, one can see that the change in the pass time has a larger 
impact on the log-likelihood, whereas the bus total time does not affect the log-likelihood.  
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Moreover, the two parameters were compared using a t-test and log-likelihood ratio test. First, 
for the t-statistic comparison, we pulled the t-statistic and standard deviation from model one for 
pass time and bus total time. Using the two numbers, the degree of freedom and p-value 
(0.8451627458611308 and 0.0), respectively, were calculated in order to determine if they were 
statistically significant. Note that the pass value is not statistically significant, and the bus total 
time is statistically significant. Furthermore, when comparing the log-likelihood ratio test, we 
compared model one and the 15 parameters and two different models, model two and three, each 
with 14 parameters, as we removed pass time (model two) and bus total time (model three). The 
log-likelihood ratio test for pass time resulted in a degree of freedom 1, a log-likelihood ratio of 
0.39749580764782877, and a critical value of 3.841458820694124. For the log-likelihood ratio, 
a larger ratio represents a larger difference between the two models because we are 
optimize.minimize, the smaller log-likelihood ratio represents how well the model fits the data. 
The critical value is compared to the log-likelihood ratio to see if it is statistically significant, 
with log-likelihood ratio > critical value meaning it is. For the bus total time, the degree of 
freedom is 1, a log-likelihood ratio of 203.0706325743713, and a critical value of 
3.841458820694124. This aligns with the previous data, indicating that bus total time is 
statistically significant and model three does not fit the data nor pass value, the non-statistically 
significant.  
 
The aggregate sample demand for the alternative modes is the predicted number of individuals 
choosing each mode. The expected values are: driver: 720.754239, car passenger: 1,874.59102, 
bus: 117.847755, train: 1.81549618, walk: 284.62399, and bike: 1000.36750. Note the low 
expected value in trains and the trend of preference for car drivers and passengers. Furthermore, 
we used the plot to show the impact on aggregate sample demand as different attributes change 
in value. Figure eleven below shows six different graphs of the aggregate sample demand 
determined by attributes change in value. As shown in the graphs, the car driver time, bus total 
time, train total time and pass cost have a low effect on the aggregate sample demand. The car 
driver cost and walk time both have a negative effect on the aggregate sample demand, 
indicating that as car driver cost/ walk time increases, the demand for such a mode decreases. 
These are just a sample of the aggregate sample demand curve.  
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IV.​ Discussion  

The multinomial logit model was a favorable tool for analyzing multivariable datasets, like 
transportation mode choice. Using parameters to determine the utility and log-like home enabled 
the capability to understand and uncover patterns and relationships within the data deeply. 
However, the major limitation within the dataset was the data provided. Only availability, cost, 
and time were provided. Information that would make the model study more comprehensive 
would be distance, demographics, and locations. More details would have provided insight into 
the use of travel and patterns within geographic areas. Moreover, it is important to highlight that 
a deeper analysis is always available. While, in the case study, we have only touched a surface 
level, diving deeper into the dataset could provide a more comprehensive account of travel habits 
in Sweden. In conclusion, the study provided valuable insights into applying the multinomial 
logit model and log-likelihood. The findings in Python, while challenging, provided practical 
practice and applications. It showed the criticalness of statistical analysis, the importance of 
data-driven research, and how important proper surveying is to create a comprehensive and 
extensive image.  
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