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Abstract 

Following the recent surge of implementations of various recommender systems, this 
study applied the technique of collaborative filtering to the area of commuting in the 
system of public transportation. This study processed and analyzed commuter search 
patterns collected from the travel planning mobile application MobiTime. The 
purpose of this study was to see how collaborative filtering can be applied on search 
history to predict the commuter non-routine destination. By creating and providing a 
model with varying sizes of routine routes (history from the commuters), the accuracy 
of the model was measured based on that history. The study found that the accuracy is 
varying with the history provided by the commuter and that the method described in 
the study outperformed the baseline. The result of this study could make the 
commuting experience more efficient.  
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1 Introduction 

Prediction based recommendation systems are making their entrance in most areas of 
our lives where digital information technology is used. Most people have probably 
seen the ads of products matching their interests and perhaps also been presented with 
a really good movie recommendation on a streaming service. This research focuses on 
creating a model for prediction of the non-routine end destination of a commuter 
based on their recorded search history. By providing less of irrelevant journey 
alternatives, navigating in the public transport system could be done more effectively 
with fewer interactions.  

1.1 Background 

Recommendation systems (RS) are increasingly prominent in our digital lives; people 
demand a more personalized experience and relevant choices, especially in this age of 
information overload (O’Donovan & Smyth, 2005). Recommendation systems can 
guide people to the information they seek by better understanding the intention and 
context behind their query. In another way, they are also able to help users to get 
things that they didn’t know they wanted. Some common areas of use are music, 
movies and e-commerce (Lüa, o.a., 2012) but also in some places in the world of 
transportation (Chen, Li, Chen, & Wen, 2011).  One example where suggestions are 
used in this area is the generation of taxi or Uber route recommendations in public 
transport (Chen, Lv, Gao, Niu, & Xia, 2017).  

Systems for recommendations use different methods depending on the area of 
implementation, one of the more popular and successful methods is Collaborative 
filtering (Wu, Chen, & Li, 2014), in which the system depends on the 
recommendations and reactions of other users to categorize and recommend items. 
Another method is using item content for recommendations known as content 
filtering, including context tags like artist names or producer names to generate music 
recommendations (Dooms, 2013). Knowledge of the patterns behind travelling is 
considered important information to many areas of research including planning of city 
architecture and the public transport system. Research effort has been put in this 
subject, often studying the prospect of the routine travels. Non-routine trips are, 
however, increasingly relevant due to our life’s becoming more and more non-
structured, following more leisure time and money to do different activities (Cunha, 
2018).  

Making traveling more efficient is one of the important tasks of public transport 
companies, as it persuades people to make use of what they offer (Andersson, 2014). 
People are shown to have a regular pattern of mobility, limiting them to a certain area 
for the majority of the time (González, Hidalgo, & Barabási, 2008). By assuming that 
the few places of movement could be similar to commuters of a certain route, this 
study proposes a method of predicting the non-routine destination. Such a system 
could help commuters find their end stop without the effort of browsing through as 
many stops. 

1.2 Problem description 

Commuting in the public transport system requires decisions to be made quickly, 
often in a hurry. Commuters rely on technology to present the necessary information 
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for planning and managing their trip,  where they are facing many alternatives for 
their travel (Kaplan, Monteiro, Anderson, Nielsen, & Santos, 2017). For companies 
delivering software for commuters and for the ease of commuting, the number of 
steps in the application to reach the information sought is of most importance.  

By looking at the search history of users, predictions can be made on what other 
stations a user will be travelling to before the searches are made, by comparing the 
patterns made by other users sharing similar route usage. This study has two focus 
areas, firstly how collaborative filtering can be used to predict end destinations using 
search history data and how much history is required to create an effective model 
compared to a baseline. By conducting this study, the result could help reduce the 
time and effort spent browsing the list of possible destinations for the commuter. A 
similar study using Machine learning (ML) has been made by Nakamura, Mise, & 
Mine (2016).  

1.3 Partnering with Infospread Euro AB 

This study was conducted in close collaboration with the software manufacturer 
Infospread Euro AB. Their interest in exploring the viability of a predictive approach 
is to ease the process of commuting. Infospread have built MobiTime (Infospread AB, 
2017), an application that seeks to deliver the information the commuter needs in 
order to decide in the process of commuting (Infospread AB, 2017). The data and the 
hardware for this study was given by Infospread Euro AB.  

1.4 Related work 

In this study, previous research has been divided into two parts: predicting in public 
transport and classification of journeys. Predicting in public transport means studies 
that have been made on subjects such as best route predictions, or bus stop 
predictions. Classification of journeys means labelling and defining the different 
journeys that users have made, such as a journey to the workplace or a one-time 
journey. 

Personalized meaning that the user history of actions is in focus as the base for the 
generation while the general approach is about predicting overall patterns of travel 
like calculating the path or trajectory. This study has the characteristics of a personal 
approach and the work of Nakamura, Mise, & Mine (2016) is sharing a high 
resemblance to the setup of this study.  

1.4.1 Predicting in public transport 

Predicting what bus stops a person want to search based on user data from previous 
searches Nakamura, Mise, & Mine (2016) investigated 10 participants search history 
and built a recommendation system. Nakamura, Mise, & Mine (2016) uses a few 
algorithms to create their method together with a statistical weighting method to rank 
destinations. In their study, they used a combination of a decision tree, FIFO (first in 
first out) queue as well as statistical weighting. In Nakamura, Mise, & Mine (2016) 
they write that the needs of a public transit user can be limited to some few 
personalized features and journeys. From all this they created PATRASH, where not 
only the journey recommender is personalized but also the UI. They then compared 
their system to two other journey planners. The result of their study indicated that 
their system, PATRASH, would yield the desired journey faster and with fewer clicks.  
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When searching for stop areas in public transportations applications, a lot of the 
results can be based on either the "favorite" stops for the whole of the community or 
the use of a purely alphabetical method which brings up stops depending on the letters 
a user input. 

1.4.2 Classification of journeys 

Quite a few studies have been done on the topic of routine and non-routine trips and 
movement. In Nakamura, Gao, Gao, & Zhang (2014), they separate and label their 
data as routine or non-routine trips. Classifying routine and non-routine trips was also 
done by Millonig, Maierbrugger, & Favry (2010), in a study where a set amount of 
people writes a journey journal on which a classification later can occur after 
processing the information. In their study, the trips are instead portioned to three 
different categories, routine, non-routine and onetime trips. It was concluded that the 
subjects were more likely to use public transportation for routine trips and for onetime 
trips then the trips they labeled as non-routine trips. In a study by Xiong & Lin (2012) 
users were classified based on their routine weekly trips and predictions were made as 
to where their location was. Xiong & Lin (2012) uses a similar data set as the study 
hereby conducted, but they are also using an attribute of time. Their data sets come 
from MIT: s reality mining dataset1 which is more comprehensive regarding the time 
aspect but less so in the number of subjects. The MIT dataset and the Xiong & Lin 
(2012) study also makes use of states, states like “home”, “at work”, “other or no 
network” (unknown), enabling them to do a prediction of state. Their study shows that 
using longer bouts of data like 3 months gives better predictions than the use of 
smaller, like 1 week and 1 month.  

There have also been studies that investigated recommendations systems in general 
terms and in other areas. Sun, Yin, Zhang, & Tan (2018) in which a study was made 
to create a better recommendation system with the help of weighting by the time and 
the history of searches made by a user. Thus, comparing it to the already existing 
recommendation algorithm.  

Many other recommendation systems with deep learning can be found in Singhal, 
Sinha, & Pant (2017) where they have searched for recommendation systems and 
sorted them into different categories based on recommendations.  

  

 
1 http://realitycommons.media.mit.edu/index.html, retrieved 2019-11-04 

http://realitycommons.media.mit.edu/index.html
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1.5 Aim & Research objectives 

The aim of this study is to create a model that predicts the non-routine destination of a 
commuter with a higher accuracy than a baseline. The model is created by training it 
on commuter routine routes, clustering users together on similarities and then 
predicting the non-routine destinations based on the destinations in these clustering. 

This model is then compared to a zero-rule prediction algorithm acting as a baseline 
for the verification and validation of the model performance. The study answers the 
following research questions: 

- RQ1: How could collaborative filtering be used when predicting the commuter 

non-routine destination? 

- RQ2: How much history is needed to predict the non-routine routes of a 

commuter by user similarity and by what accuracy? 

By measuring the accuracy of the model trained on the patterns of searches done by 
commuters, conclusions can be drawn to whether this strategy is working and how 
well. To answer if similar commuter patterns are a good base for accurately predicting 
the destination, the method of collaborative filtering was utilized. This supervised ML 
technique was used because it fits the intended use case, it’s the most frequently used 
and it has the most successful implementations (Wu, Chen, & Li, 2014). The success 
of this approach over a baseline answers RQ1. By creating the model with various 
amounts of history and testing on the same data RQ2 will be answered. 

1.6 Purpose 

The purpose of this study is to see how collaborative filtering can be used on search 
history to create more accurate predictions to the commuter non-routine destination. 

The model developed could then lead to increased efficiency while commuting by 
limiting the number of interactions necessary to find the sought destination by the 
commuter.  

1.7 Reliability concerns  

The patterns found in the search history used as a definition for commuters and the 
separation of their routine and non-routine routes are not verified by any means. The 
region of Jönköping was used leaving no guarantee of generalization outside this area.  

To ensure the creation of a reliable and accurate recommending system this study has 
recognized and addressed the following issue with data sparsity as documented (Lüa, 
o.a., 2012). 

1.7.1 Data sparsity 

Although the patterns of human travel can be predicted (González, Hidalgo, & 
Barabási, 2008) similarities between the commuters in this study is necessary for the 
accuracy of the trained model. Based on the low number of unique routes per user six 
(6) it’s important that the commuters at least share one route in common to generate a 
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prediction. Extending the search further may lead to less accuracy. The accuracy of 
the model’s predictions will heavily depend on the similarities of the diversions by the 
commuters. Removing the routine routes from the commuter, the number of non-
routine routes needs to be similar to those of other commuters. 

An example of this would be a use case where a commuter who travels between A 
and B travels to C from A, the model needs to predict station C based on an input of 
route A – B which would need the similar users sharing A – B as a route also travels 
to C.  

1.8 Scope and limitation 

For the model constructed to work, some history of the commuter must be known, 
otherwise the model does not work. This then excludes the commuters who just 
installed an application and started commuting without an extensive pattern of search 
history and all users in the data not classified as commuters. As soon as the commuter 
has made their first routine trips the model will be able to generate recommendations. 
When the commuter’s full history is known the efficiency of this method and model 
may be worse in comparison to a method developed on the commuter individual 
history alone. This leaves a window where commuter history and journeys to be made 
can be predicted best by the model constructed and this study were conducted with 
that window in mind.  

This study focused on the part of journey searches conducted by commuters given that 
they had a search history present. The commuters are labeled in the data of a pattern 
found in made searches, without confirmation of conducting the actual trip. Routine 
and non-routine trips are divided by the study set definition and not validated or 
confirmed as the data used is searches people have made and not confirmed journeys. 
The system built was trained on data from one region out of 16 possible as 
interregional travels are seen as too sparse to build ground for a recommendation. 
Further, no use of live data or evaluation of the user response of an implemented 
predictive system will be conducted. Suggestions for real life applications are to be 
read under the chapter Continuing research 6.6. 
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2 Method and implementation 

The aim of this study is to create a model that predicts the non-routine destination of a 
commuter with a higher accuracy than the baseline.  

To do this, the supervised machine learning technique of collaborative filtering was 
chosen because it fits the intended use case, it’s the most frequently used and it has 
the most successful implementations (Wu, Chen, & Li, 2014). Due to the supervised 
nature of this technique, data labeling was done as described in 2.4.  

Further steps needed to achieve a working model included training, verifying, fitting, 
validating and analyzing as described in this chapter.  

2.1 Experiment design 

This is a quantitative experimental study where the accuracy of a predication model is 
measured. To create a model capable of suggesting the destination of a commuter, 
several steps were taken as listed below. This study will answer the researched 
questions by the following steps similar to what’s described by Nyce (2007), below 
each step follows a short summary of how this study is addressing the step, the 
incremental loop can be seen in Figure 1. 

• Preparation of data.  
o Data preparation from raw data to normalized tables and the 

delimitation of data to work with. (Chapter 2.4) 

• Method selection. 
o Research into what technical (ML) approach(es) to use. 

(Chapter 2.5) 

• Training of ML-model  
o A model is created using k-nearest neighbor algorithm and 

training data. (Chapter 2.5.1) 

• Construction of a testing environment. 
o Establishing a baseline and testing the model. (Chapter 2.7) 

• Gathering results data from the running tests. 
o Verifying and Testing (Chapter 2.8, 2.9) 

• Analyzing and verifying the results.  
o The result is analyzed and compared to the baseline. 

(Chapter 0) 

• Conclusions. 
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Figure 1. Experiment process model, the first step was to prepare the data, separating 

the test and train data, the build of the algorithm and the test environment. Then 

followed a cycle of training and verifying the algorithm and improving and refining 

the algorithm. Then, after that the algorithm was tested which in turn gave a result. 

From this result a conclusion could be drawn. 

2.2 Experiment 

A collaborate filtering model was created, which could fetch stations from the nearest 
neighbor sharing a similar history with the requesting user. The model was trained by 
grouping users associated with their routine routes. Upon generating a suggestion, the 
users with a similar matrix score of routine routes can present alternatives to the 
asking user. 

The model was run four (4) times with different configurations as to how many of the 

routine routes were present in the commuter history data. Initially created with only 

the history of the commuters most frequent routes (rank 1 and 2), the model was built 

upon a growing number of route inclusions with each of the four iterations. The 

model, given the inclusion of routes, was then tested against the dataset of the 

commuter ranks numbered over two (2). The result of the measured accuracy in 

relation to the known history answered the research questions by how well it performs 

on each history and finally in comparison to the baseline. 
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2.3 The data studied 

All data supplied for use in this study have been gathered anonymously, meaning that 

the data is not connected to a real person, by our partner Infospread Euro AB through 

the use of their application MobiTime. The data collected is of an implicit nature 

meaning that data is passively collected without user knowledge or derived from other 

data, consistent with user queries to the backend service. Each request has an 

anonymized identifier unique to the user which performed the request as seen in Figure 

2. By filtering out the actions related to journey searches and grouping them by the 

user id the users’ pattern of travel can be estimated. Chapter 2.4 on data preparation 

explains how this study processed the data. 

Figure 2. Illustration of how searches are produced in Mobitime, two stops an inputted (see arrows), 

when the button search journey is pressed data is created and sent to the server and the user gets a 

response of results. From the server that saves this data the dataset was created. 

2.3.1 Usage statistic dataset 

Spanning over 16 different regions in Sweden, covering a large portion of the public 
transport network, this data provides information on journey searches conducted by a 
specific user id (UUID). The UUID is a software key generated by the client specific 
to an installation of the client application MobiTime. The UUID can serve as a unique 
identifier of a user in the system if the user does not reinstall the application or switch 
devices. Users represented in the data are all of which have made a search query for a 



 

 9 

journey with the help of the MobiTime application during the period of 2019-07-18 to 
2019-10-16 (90 days). The data has the structure seen in Table 2 below.  

2.3.2 Stop area dataset 

The stop area dataset contains detailed information on the bus stop or station a user 
can search between, such as the Id of a bus stop and following attributes like name 
and geographical point. This data will be used mainly to map geographical searches 
from the Usage statistical dataset to the closest stations and to map the search ids to 
labeled data for readability, see Table 1.  

2.3.3 Privacy concerns and GDPR 

The data used has been collected implicitly, this is simply the user’s history while 
using and searching within the application. The study and its data will be coherent to 
GDPR law by using data not traceable to persons, history of travel and commuter 
pattern are synonymous with device trajectory but never to any personal profiling 
data.   

2.4 Preparation of data 

The search history present for the studied data needed preparation before being 
applicable as training data for the construction of the ML model. This step is included 
in the described methodology by Nyce (2007) as mentioned in Chapter 2.1 and consist 
of the following: 

• Delimitation of data 
• Normalization of field data. 
• Trimming, removal of outliers and misrepresentative data. 
• Creation of tables for model training and testing. 

Table 2. Data structure of the search dataset, from the left, the second column is the UUID, the next is the 

time when the search occurred, the next the id of the region in which the search occurred and lastly the 

stations ids, the from station and the to-station.  

Table 1. Stop area table attributes, from the left, the second column is the id of the station, the next is 

the name of the station, the next is the region of the station, the next the longitude position of the 

station and the last in the latitude position of the station 
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2.4.1 Delimitation 

To train the model on interregional travels or to construct a model to be used in all 
regions of travel is not necessary to show how a recommender system can be 
constructed. A prediction generated from a commuter travelling in another region will 
be inaccurate due to no pattern of similarity. This study will use the data of only the 
area of Jönköping with 1694 unique stations. This region was chosen because of the 
familiarity with the studied data by the authors of this study and the size of the 
commuters in the data being the second largest. 

2.4.2 Normalization 

As the data provided could not be used in its original state due to inconsistencies in 
formatting, normalization of the table data was necessary. The search data field ‘id’ 
contains an identifier for a station or a geographical point depending on how the 
search was conducted. About 25% of the data had a coordinate instead of a “from” 
station and about 7% had a coordinate instead of a stop area id as the “to” field. As 
these searches together make up about 30% of the whole data set the decision was 
made to clean it and make it compatible with the rest of the data, see Table 2.  

Normalization of this data meant that searches without stop ids were assigned to the id 
of the closest station as this would with the highest likelihood be the station the user 
was assigned to while calculating the sought journey. An issue that occurred when 
assigning the closest stop to a geo positional search was that the to and from station 
might become the same. This meant that some users might have searched from their 
position to a stop and that stop had only been a walking distance away. The amount 
where from and to id matched was measured to 0.08% of the entire dataset and in 
addition to this, an additional 0.09% was removed due to bad formatting for various 
reasons. 

2.4.3 Labeling and ranking of routes 

To use the model on non-routine and routine travel patterns, the data needed labeling 
for each search for each user. The labeling of a routine and a non-routine route were 
made by following these steps: 

1. Compile the individual routes of each user 
2. Compile the frequency by route for each commuter 
3. Rank each route from 1 to n, 1 being the most searched, descending in usage as 

the ranking is increased for each user, this can be seen in Figure 3. 
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If, or when, the frequency for a user is the same for two routes, the ranking will be the 
same. The main commuting routes would then be defined as the two (2) highest 
ranking for each user. 

2.4.4 Defining the commuter 

The definition of a commuter can be described as such; a person who makes a journey 
to and from, work or school, regularly (Millonig, Maierbrugger, & Favry, 2010). 
However, the word regular is a loose term and can mean anything that varies from a 
regular pattern to an irregular. Millonig, Maierbrugger, & Favry (2010) defines 
commuting as trips done at peak hours. They are limited to a certain timeframe 
specified by certain hours. Non-routine trips would then be defined as trips done 
outside of peak hours and are more autonomous within those hours. As this study’s 
data doesn’t contain complex reasonings like intentions, the pattern for a commuter is 
going to be determined using the regularity of the travelled routes.  

Since the provided data sets were missing the labeled intentions that these two studies 
have used for route definitions, this studies’ definition must use other measures. The 
measures to divide routine from non-routine trips are as follows; Given the span of 
data provided, three (3) months, and given that most routine trips occur during the 
weekdays (Schlich & Awhausen, 2003), the decision was made to define a commuter 
as someone who searches for a journey at least 19 times per month. Given that this 
study has three months of data, this comes to 57 round trips (3*19). Which means that 
a user with a search pattern of the same to and from stations that have occurred 57 
times (or more) by the same person were to be defined as a commuter.  

  

Figure 3. A made-up example on how the ranks can look for one commuter, from the left the unique 

identifier for the user, the unique routes that the users has, followed by the number of times the route 

has been searched and the corresponding rank in the last column. 
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2.4.5 Splitting into training and validation 

When constructing the ML model there was a need to split the data of the commuter 
dataset in users selected for training and users selected for the validation. This was 
done following the pareto principle (Doyle, 2019), which meant that 20% of the 
unique users was randomly selected. The users in the chosen 20% had their routine 
and non-routine routes labeled and ranked by the frequency of usage (ranks explained 
in 2.4.3), the most used routes (ranks 1-2) of these 20% users were left in the training 
portion. This is representing how much of the user history the model knows about the 
selected users in the 20% validation data. The amount of history (ranks) left in the 
training data varied in the four runs made with inclusion of ranks 1-2, 1-3. 1-4 and all 
ranks, this was because the different outcomes on the various inclusions was telling if 
the model improved when more was known about the 20% validating users. All runs 
were tested on the same selected 20% users’ non-routine routes consistent of ranks 
above two (2), see Figure 4.   

 

Figure 4. Splitting the commuters. The partitioning of the 

commuters into testing and training portions. 
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2.4.6 Creating the data- structure for training 

After cleaning, delimiting and defining the commuter, commuters were grouped by 
their identifier (UUID) together with the count of the number of times each of their 
routes were used, see Figure 5.  

2.5 Selecting the method  

Given that the study had labeled data, a supervised learning technique was searched 
for and the choice fell upon the algorithm known as the k-nearest neighbor algorithm 
(KNN). This method of classifying was combined with the cosine-similarity algorithm 
that calculated the distances in matrixes of the user route frequencies. This calculated 
distance enables similar users to recommend destinations to one another, thus, 
creating the collaborative filtering system. Normally, such a system means that users 
get recommended items based on the similarities of what other users liked. To 
translate this to the data of this study the search frequency was treated as likes, so if a 
user searches on a destination this would equal content they liked. This approach was 
mainly chosen because of the ease of which it could be understood and the speed of 
which it would be able to be built. Another factor was the abundant help existing 
online because of the popularity of this algorithm in recommendations systems.  

2.5.1 Constructing the model 

The model was created in python using the scikit-learn2 module, a library which 
provides a framework for creating and using machine learning models. Python was 
chosen for its powerful datatypes and quick prototyping attributes. Scikit-learn for its 
extensive and easy to navigate documentation. The model was constructed 
implementing the most popular recommender method: user collaborative filtering (as 
reasoned in 2.5). This model was trained, verified and tested in comparison with a 
baseline consist of a zero rule (zeroR) algorithm (Chapter 2.9). 

Verification of the model, training and construction occurred in an incremental loop. 
First by making sure that the model achieves a predictive behavior, then the optimal 
number of nearest neighbors (K) was determined to make sure that the number of 
correct predictions reached a maximum, leveraging between found neighbors and 
successful (relevant) suggestions as described in 2.6. This is similar to the method 
used when developing PATRASH by Nakamura, Gao, Gao, & Zhang (2014). 

 
2 https://scikit-learn.org/stable/, Retrieved 2019-11-04  

Figure 5. Structure of data used for training. Starting with the unique identifier for each user (UUID), 

then how often a route has been searched (usedTimes), followed by the id of the route which was 

searched (routeID), then the id of the stop the search was searched from (fromID) and finally the id of 

the stop the user searched to (toID).  

https://scikit-learn.org/stable/
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Classification is done by grouping users in categories of their route frequency pattern. 
If the users had the same kind of commuting patterns, they can also have their 
extraneous route destinations in the recommendation pool of that cluster of users, see 
Figure 6 below.   

2.6 Fitting 

The most considerate variable to manipulate for all components of the model is the 
number of k-nearest neighbors to fetch from. Raising this number means extending 
the circle of similar user inclusion, however, fetching from users at a greater distance 
than optimal means generating less accurate results. Including too few risks leading to 
less found suggestions where a successful prediction may be possible.  

2.7 Testing environment 

The testing environment will consist of a high-end home computer (hardware specs in 
Appendix A). The script created was made with a 64-bit python 3.8 installation with 
scikit-learn module and dependencies as listed in the GitHub repository (Appendix 
B). 

2.8 Model validation 

By the input of a user UUID the model generates a list of the most similar users. From 
these similar users the routes get fetched and the destination stop of the route is 
presented the user, it is counted as a successful prediction if the option is matching 
against the known destination of the user non-routine destination. The results will 
answer the RQ: “How could collaborative filtering be used when predicting the 
commuter non-routine destination?” (Chapter 1.5) by beating the baseline, proving the 
method useful. By incrementally increasing the trips present in the training portion of 
the data for the 20% users selected for testing, the increased number of successful 
predictions will answer to how much better the model predicts when more of the 

Figure 6. Illustration of the KNN workings. An UUID is provided representative of the user, the model looks 

at this users’ history and the cluster around it to find suitable destinations, this is then presented as options to 

the user. 
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commuter history is present consistent with RQ2.  Figure 7 is illustrating the concept 
for validation of the model. 

2.9 Measuring the accuracy  

To determine the accuracy of the model this method was used; given the input of the 
user id (UUID) the model generates five (5) recommendations of stops that this search 
destination can be, this is known as Top-5 (Nagda, 2019). Success was defined as 
recommending the “correct” end destination when run. Meaning that by the input of a 
user’s history an option with the destination should be generated that matches the 
known outcome in the test portion of the data.  

2.9.1 Metrics  

The result of each prediction is categorized into true positive (TP) or false positive 
(FP) and its accuracy is calculated as TP/(TP+FP), this according to the ML metrics 
standard described by (Ghoneim, 2019). FP means that the model found neighbors but 
that the known destination was not present in the Top-5 recommendations (Top-N). 
TP means that the sought stop area id was present among the Top-5. Because this 
study lacks the states of true negative (TN) and false negative (FN) many measures 
described are not applicable to the binary nature of the problem (such as F-score and 
recall).   

2.9.2 Establishing a baseline for comparison 

To put the model into a perspective on how well it performs, a baseline is established 
using the zero-rule algorithm. This baseline works by finding the most prevalent 
destinations in the data and trying those against the known outcome of the test portion 
of the data. This baseline created a lowest possible prediction score showing how 
much improvement the created model provided (Nasa & Suman, 2012).  

The baseline was measured on its accuracy given different chances (provided options) 
of success. Ranging from just the most prevalent (popular) station (one attempt) to the 
number of top-n stations where the increase in amount of right predictions were not 
considerately changing. The result was expected to be logarithmically increasing due 
to the distribution of the station popularity. The Top-N needed for the generation of 
each successful prediction was determined and compared between the baseline and 

Figure 7. Concept for validating a recommendation system, the top left square contains all the 

information about a search, some of this information is taken out to be given to the algorithm to 

see if the correct end-destination can be predicted.  
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the model result. This proved where the lowest limit of attempts yielded the highest 
accuracy. By setting the standard of options to provide the user at this limit, the model 
is compared to the baseline where it is most effective.  
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3 Theories 

This chapter introduces the theories which this study is built upon. The most notable 
areas contributing to this study is machine learning and recommendation systems 
explained in the following paragraphs.  

3.1 Machine learning 

Machine learning is commonly described as teaching the computer to perform a task 
without explicitly instructing or programming it to perform it. ML is about adapting 
an algorithm to match a relationship or structure within the data and then to generalize 
the result to best fit the known outcome by generating accurate output data (Tripathi, 
2017). Two common dividers in this area is supervised learning contra unsupervised 
learning. In supervised learning the intended outcome is known, meaning that it’s 
common practice to start with the result and finding the classifiers determining the 
result by pattern analysis. The data is also labeled whilst unsupervised learning means 
that generalizations are done on the consistent data point attributes to find the pattern 
that creates the intended outcome (Tripathi, 2017).  

3.1.1 K-nearest neighbors  

There are a lot of different algorithms in machine learning, one of them is the K-
nearest neighbor algorithm. Belonging to the supervised learning class, this algorithm 
uses clustering to find similar datapoints in a matrix. This algorithm enables creation 
of a model that can give suggestions from datapoints close to a point specified. Thus, 
the k-nearest neighbour algorithm can be used for classification in recommendations 
systems. This is done by clustering together datapoints according to similarity, this 
could be likened to a graph with multiple dimensions where different attributes put 
datapoints in different positions (Zhang, 2016).  

K-nearest neighbor can also be used for regression, which is similar to classification, 
only it returns numerical values instead of categories. Both regression and 
classification can be categorized under the same algorithm type.  

3.2 Recommendation systems 

Improvement of the techniques used to generate recommendations, together with the 
extended data collection from users had led to several successful implementations of 
highly accurate recommender systems. One of the more famous instances where 
recommendation systems has been in the spotlight is the Netflix price, where 
companies competed with their algorithms to create the best recommendation system 
(Netflix, 2019). Netflix and movie recommendations aren’t the only recommendation 
systems out there. There are a wide variety of recommendation systems in e-
commerce, news and for use when filtering emails.  

There are in general terms two types of recommendation systems, those based on 
collaborative-filtering and the content-based systems. Each can be used separately but 
they are often combined in what is called a hybrid system. Recommender systems 
often serve one of the two major use-cases: Recommending something the user didn’t 
know it wanted, or, predicting what the user might like to help the user find relatable 
content.  
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3.2.1 Collaborative filtering 

Collaborative-based algorithms can be summarized as users recommending to users. 
This method is based on user-ratings of different items, raising the relevance of that 
option for others with similar preferences. It is the most common and most successful 
of techniques involved in recommending systems. To use this algorithm, it’s 
important that enough ratings are achieved for the number of different items. The cold 
start item problem is related to this, meaning that new items or users is lacking the 
history needed to be considered. Another important factor is that the matrix of 
different data points, generated from user-ratings, contains enough data to accurately 
connect the users or items. That is, that the nearest neighbor actually is ‘near’ enough 
to get suggested, if not, the distance would affect the quality of the suggestion.  

3.2.2 Content-based 

In content-based methods the algorithm looks at the general content of the item in 
question. Such as artist names in music, theme in news, tags on items and so on. 
Based on that users’ preferences, e.g. in music, where it will give recommendations 
based on that artist.  

3.2.3 Hybrid-based 

Hybrid-based is becoming more common, as both of the above options do have some 
issues. But hybrid is not only the combination of the two above (Nakamura, et al., 
2014), but can be the combination of several different approaches to a 
recommendation system. 

3.2.4 Item based 

Not relying on the specific history of the specific user, the item-based filtering can 
provide recommendations based on the relevance of the item, for the e.g. the number 
of stars a user has rated on a movie. In this work, it would mean that by the input of a 
station or route considered by the model as “favorite”, suggestions can be generated 
from users sharing that station or route as their main routine route. While being able 
to generate recommendations in the case of cold start the item-based filtering offers 
no renewing of the recommendations. 

3.2.5 User based 

Training the model on the data of the users’ individual history, the user-based 
approach is comparing the matrix of the user that is performing the search with the 
history of every other user in the data set. The most similar user then recommends 
routes to the other. This requires the user to have a history present in the trained 
model to find similarities to the others, meaning that the model has to be rebuilt to 
match the history of new users regularly to give the best predictions. Each build of the 
model where new history is present for the user, means that the model has the 
potential to recommend a more accurate prediction.  

3.2.6 Baseline 

When creating a machine learning model, one usually checks for a certain amount of 
accuracy, meaning that the model created has to give a classification, a prediction or 
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so on. In most cases the intended outcome is known and by measuring the result of the 
model against the known correct outcome, an accuracy can be measured. To put this 
accuracy into perspective, as a number or percentage may be hard to relate to, a model 
for reference is created. This model is usually called “baseline” and referred to as “the 
baseline” in this study. A baseline is usually not more advanced than the barest 
model, as the two most common baseline models are random choice algorithm and the 
zero-rule algorithm (Brownlee, 2016).  

The random choice algorithm is simple, it can basically be described as wild guessing. 
It entails creating a dataset of all the possible options, then guessing on the right 
answer. The zero-rule algorithm has more “thought” behind the guesses, this 
algorithm uses statistical weighting for every option. Meaning that it takes the 
frequency of values in a dataset into account and as such the option with higher 
frequency is more likely to show up as the prediction. This algorithm provides more 
accurate predictions than wild guessing, as it is more based on the statistical 
likelihood.  
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4 Empirics 

This chapter presents the result data that got produced during this work. First follows 
an overview of the model result during the different sets of history known about the 
commuter, then follows the baseline result on the same datasets. The results are 
compared to where, within the correct predictions, the right option was displayed. The 
chapter then ends with the Top-N of the most effective result, (Top-2) is compared 
between the model and the baseline. The analyzation of the result can be read in the 
next chapter (chapter 5).  

4.1 Validation result (Top-5 accuracy) 

In this part the figures show how the model and the baseline performed during the 
validation. The validation step is to see if and how well the model can predict the non-
routine destinations. Different runs were made with varying inclusion of the 
commuter ranks in the train portion, only ranks up to the number of four (4) were 
tested as those are consistent with the routine routes explained in 2.4.3. As can be 
seen in Appendix C there were four (4) runs with varying route inclusion (commuter 
history) numbered VA80XX. All runs were tested on the same dataset (VA20), 
consistent with the commuter ranks of three (3) and over. The ranks three (3) and over 
are considered to be non-routine as routes of this rank would be the first routes not 
part of the routine trip. The last test was run with all the history of the commuter 
present (all ranks) in the train portion. Following below in Figure 8 is the outcome 
when predicting on the different datasets. The baseline performance for comparison is 
seen in Figure 9.  

Figure 8. Model validation accuracy by provided history, when running validation with 

the model, ranks 1-2, top-5 accuracy was 20,5%, with rank 1-3, top-5 accuracy was 

26,2% and so on. 
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Figure 9. Baseline accuracy during validation by provided history. The baselines 

accuracy does not change no matter how much routes are added, so 21.6% all the time. 
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4.1.1 Top-5 accuracy distribution 

In Figure 10 the distribution of where in the Top-5 the correct prediction was found is 
presented, on the run with dataset VA8012. The reason for presenting the distribution 
on this dataset is because the highest accuracy is sought with the least amount of rank 
inclusion in the training portion.  

In 54.7% of the times the correct answer appeared as the first (1) option, in 38.9% of 
the times the correct answer appeared as the second (2) option and so on. The same 
goes for Figure 11, the highest correct options is the first (1) and the second (2), but 
this figure is representing the distribution among successes for the baseline result.  

Option 

Figure 11. Distribution of success on attempt (baseline), when the baseline predicted 

correctly, about 29% of the time it was the first option that was correctly predicted, 

about 25% of the time it was the second option. 

Figure 10. Distribution of success per option (model), when a prediction is correct, 

this prediction is then in the first option 54.7% of the times, 38.9% of the time it is in 

option 2 and so on. 
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4.2 Validation result (Top-2 accuracy)  

Because of the success distribution of the model presented in Figure 10 the Top-2 
accuracy is presented in Figure 12 below. This is the result if the model and baseline 
only provided two options. This would then be the optimal option count for the model 
as it produced most of the correct answers in option 1 and 2.   

Figure 12. Comparison baseline (left) and model (right) on two (2) Top-2 accuracy, 

In the baseline the top-2 accuracy was 11.69% while the models top-2 accuracy was 

19.42%. 

19,42%

80,58%

Model validation accuracy 
Top-2

TP 'True positive' FP 'False positive'

11,69%

88,28%

Baseline validation accuracy 
Top-2

TP 'True positive' FP 'False positive'



 

 24 

5 Analysis 

The following section analyzes the previous chapter of data, based on that analysis the 
conclusions of this study are formed. This chapter is divided into analysis of the 
baseline (zero rule) result and the validation of the model created by this study. 
Starting by presenting the baseline performance, followed by the model result and 
then comparison. 

5.1 Baseline result  

The popular stations picked by the zero rule remained the same on all datasets 
generating the same accuracy of 21.6% on all datasets Figure 9. When looking at the 
distribution of the Top-5 correct predictions in Figure 11 a logarithmic decrease is 
forming, if more options were to be provided this would be even more evident. This 
was expected due to the nature of the station popularity distribution seen in Figure 13 
below. The Top-5 result of the baseline was 21.6% but if this baseline were to 
generate two (2) options, the Top-2 result was 11.69% (Figure 12 left).  

 

5.2 Model result 

In the Top-5 testing the model was predicting the correct non-routine destination in  
20.46% of the cases given that the model only knew the top two (2) ranks Figure 8. 
Inclusion of more ranks (adding history) from the user resulted in an increased 
number of successful predictions up to the total accuracy measured at 34.3%. This can 
have several reasons, one being that the non-routine routes in the testing are scarcer, 
meaning that the non-routine trips from other users pulled from the training portion is 
valuable to the similarity calculations (data sparsity). The most valuable outcome is 

Figure 13. Logarithmic representation of to-stops(horizontal) and frequency(vertical), 

the horizontal line has stop id’s and the vertical is how many times each has been 

searched on. The most searched stop is 6001001, followed by 6001242 and on. 
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found at the lowest inclusion of routes, ranks 1-2 and ranks 1-3. These ranks signify 
the routine and with only the routine routes known the Top-5 result is 20.46% with 
VA8012 and 26.2% with VA8013. The Top-2 result of the routine ranks 1-2 VA8012 
had an accuracy of 19.42%. Comparing the model result of Top-5 and Top-2, the 
result is showing that by providing five (5) options instead of only two (2), the 
accuracy only increased by 1.04 % (20.46 - 19.42).  

5.2.1 Comparing with the baseline  

When comparing the model to the zero-rule baseline on Top-5 performance, it’s not 
evident that the model is performing better on the first dataset. The accuracy is lower 
(20.46%) for the model compared to 21.6% for the baseline (Figure 9). When further 
analyzing the distribution of the successful predictions in the Top-5 result, the success 
of the model is evident. Figure 10 shows that most (93.6%) of the total amount of 
successful predictions occurred on first or second option compared to the zero rule 
where the same options accounts for around 54% (Figure 11). The model shows 
slightly or no further increase in successful predictions after three (3) options, this is 
due to the model suggestions coming from a limited number of users with limited 
number of similar routes (most often 1-3 available for recommendation). Setting the 
limit of two options (Top-2) on both the baseline and the model, shows that they 
performed with 19.42% vs. 11.69% respectively (presented in Figure 12).   

5.2.2 Valuation of successful predictions 

The value of a prediction from the model is dependent on where the model can be 
successful as mentioned in 1.8. To be valuable the model needs to predict right with 
the least number of ranked routes included in the history and predict most accurate 
with the least number of options presented the user. The higher accuracy the model 
achieves, the more equally distributed the number of tries gets. The category where all 
routes were included in the model achieved the highest Top-5 accuracy but with the 
cost of the increase in number of tries. The reason for this is, that when the richer 
history is known to the model, more similar routes and users are found, resulting in 
more suggestions to choose among.  

5.2.3 Relevance of history 

The performance of the model is dependent on the included history from the 
commuters, to get a high accuracy more history is needed. To simulate different 
history amounts of the tested commuters, the number of routes in the training portion 
of the data was varied. The outcome from the different history amounts can be seen in 
Figure 8 where the inclusion of ranks up to four (4) yielded increasingly accurate 
results up to a total of 34.3% when all history of the commuter was present. 

Analyzing Figure 8 can answer the researched question (as listed in 1.5): 

- How much history is needed to predict the non-routine routes of a commuter 

by user similarity and by what accuracy? 

Looking at the bars of the different runs, there is a trend of an increased success rate 
when more of the commuter history is known to the model.  
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5.3 Putting the results into context 

The results of the different runs from the validation (Figure 8) shows the category of 
ranks 1-2 with an accuracy of 20.46 %, this ranks best signifies the routine routes of 
the commuters, which left most of the non-routine routes in the test portion. The 
relatively low accuracy is due to the sparsity in the training data at this level, this is 
indicated by the rising number of successful predictions upon increasing the included 
number of routes. Another indicator of the sparsity is the distribution among the 
options where the model in lack of suggestions from other users, most often (when 
successful) predicts right on the first or second try (93.6% of the time).  

The first low ranked routes of the commuter (1-2) signifies the routine of the 
commuting pattern. The result of this dataset best describes the model predicting the 
non-routine routes. This lowest possible rank inclusion result can in comparison with 
the baseline result answer the researched question (as listed in 1.5):  

- How could collaborative filtering be used when predicting the commuter non-

routine destination? 

The model created in this study, is able to perform with a higher accuracy than the 
baseline because it works by clustering similar users. The distribution among the 
successful predictions seen to the number of options further signifies the model result 
in favor over the baseline.  

According to the results the model had no need of displaying five (5) options due to 
the high distribution of successful finds between the first (1) and second (2) option 
(93.6%) Figure 10. The model outperforms the zero-rule algorithm in most cases, if 
the limit of two is set upon them the model is significantly more accurate. 

If the user were to be presented with two (2) options upon deviation from a routine 
route. The model constructed would, depending on the gathered history of the user 
route usage, be able to suggest the right stop area id in 20.46% of the cases Figure 8. 
This would mean that the commuter has no reason for further interaction, thus, 
providing a streamlined path to the right option. Depending on the implementation, 
the idea to show only two (2) options can be of varying significance and if an 
implementation were to show a high number of options, the baseline would soon 
outperform the model created. However, the model created would in cases where 
successful predictions are found (20.46% to 34.32%) suggest the right alternative 
among the top two options in 93.6% of the time (Figure 10).  

5.4 Hardware usage 

Hardware wise the main strain was put on the memory, building large matrixes takes a 
lot of time and allocates large amounts of RAM. The virtual memory allocation of the 
model when building of a matrix with 208 000 entries in the training data reached 
60GB. Due to swapping delays the generation of predictions has a low CPU 
utilization (awaiting I/O), sometimes during creation of the matrixes the CPU reaches 
maximum capacity.  The test computer didn’t meet the criteria of memory capacity 
but swapping to disk made it possible to run the experiment. Each calculated 
recommendation was processed on an average of 60 ms.  
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6 Discussion & Conclusions 

Providing the model with the frequency of the top two (2) most frequent routes the 
end destination can be predicted with the accuracy of 19.42% among the top two (2) 
suggestions (Figure 12). 

This study has shown that a model for predicting commuters non-routine end 
destinations can be created using the search histories of a defined commuter. It shows 
that a collaborative filtering model is more effective than a baseline that is predicting 
the most popular stops. 

By the results of this study conclusions can be drawn about the similarity of different 
commuters and the accuracy of suggesting routes between them. This can be proven 
with some certainty, indicating that there is a tendency between clustered users of 
similar search patterns to share destinations.  

6.1 Implications 

The result of this study enables the creation of a more accurate way of providing the 
commuter with alternatives of where to travel given their history of searches. As part 
of several components as proposed in 6.6 (future work) or alone the method provided 
here could be efficient in the creation of a recommender system. Construction of 
applications for the cause of commuting could benefit from the insights generated by 
this work.   

6.2 Limitations 

This study and the model created was based upon the search history generated by 
commuters collected through an application. The model did not account for time of 
user search, which means it focused on accuracy by successful predictions on 
occurrences. If time of occurrence would have been included in this study the result 
might have differed. However, the implications of time inclusions when creating this 
model, would have meant that shift-workers might have been excluded and another 
model had been necessary. Having a dataset with searches means that there was no 
possibility to confirm that a journey happened, as well as confirming that the 
commuter defined by the pattern set actually were a commuter.  

The small portion of the whole dataset that ended up labeled as commuters increased 
the problem of sparsity while calculating the nearest neighbor. If more users would 
have been labeled as commuters, the accuracy might have gone up. The low accuracy 
was mostly due to the fact that the model found no similar users.  

Another limitation of this study was the hardware, it was enough for running the 
experiment and creation of the model, but the time cost for running all tests limited 
the number of runs conducted with different settings. Building of the initial model 
took 146 sec on the test computer specified in Appendix A, but the extended 
commuter dataset took over 30 min to build.  
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6.3 Reliability issues 

As mentioned above this is in no way representing of how commuters actually travel, 
this is only made from searches made within an application. This means that a stop 
that seems popular in the data can be caused by anyone who might be very search 
prone. The actual sequence of the routes when recorded is not considered by the 
model. The model will recommend based on the total frequency of a distinct route 
given all times that route has been searched. This means that the searches on some 
routes may be more extensive than what is known to the model when limited to 
include only certain ranks. This may lead to a less significance to the result. Not 
verifying the real user behind the UUID is problem that could lead to a user with a 
new installation getting recommendations from an old installation (self-
recommendation).  

6.4 Conclusions and recommendations  

The model created by this study had an 20.46% accuracy on which a non-routine 
journey can be predicted given that the model produces two options and that the 
history of the commuter is present with the two most frequent routes of usage. The 
baseline performed at 11.69% given the same basis.  

This model, that used clustering of commuters, outperformed the baseline which 
predicted using the most frequent stops. This clustering and the fact that the model 
improved in accuracy with the increase in history from the commuters, answers the 
researched question: 

- How could collaborative filtering be used when predicting the commuter non-

routine destination? 

The answer to this is, by creating a model as described by this study, a recommender 
system can be built that preforms better than a zero-rule baseline.  

The second research question was:  

- How much history is needed to predict the non-routine routes of a commuter 

by user similarity and by what accuracy? 

This can be answered as follows; given two (2) chances for the model only the top 
two most frequent routes are needed for a 19.42% success rate, which compared to the 
baseline accuracy at 11.69% is a significant increase.  

To get a deeper understanding of how this data can be used to predict travel patterns 
further research is recommended to test different models and combinations of 
techniques. More can be read under 6.6.1. 
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6.5 Method evaluation 

The use of collaborative filtering and KNN in this case seemed moderately successful, 
in some cases giving a significantly better result than the baseline. However, the 
method could have most likely been improved by using more dimensions in the 
clustering method, as to involve time and other factors. The biggest drawback in the 
method chosen was the large size of the model when active, since the KNN algorithm 
requires all history to be present in memory at the time of running. This is causing the 
need for writing to disk, slowing the time for generating a prediction.  

Using collaborative filtering is also very dependent of the user’s tendency to like 
certain things, this works good in context like movies and music but in the predicting 
realm it can cause some issues, especially in this area. The core of the problem is that 
in this study the clustering happened on the routes and the frequency of searched 
routes and if a user is search prone or only searches rarely it will affect the 
predictions, essentially being too easily affected by human habits. To improve the 
results a different method would be needed, a method that can take into consideration 
multiple dimensions, such as temporal and spatial etc. A method that doesn’t require 
much memory and can somewhat disregard certain human behaviors and look more 
deeply into to the patterns in the data to find prediction would be, in theory, more 
ideal.  

6.6 Future work 

The possible future work could evolve into an actual implementation of the model for 
testing in real life as this would give real value and a clear use case. The work that has 
been done by this study is not rooted in if it is necessary but simply if it can be done. 

There is also the possibility to create different models and testing their viability for 
the task, in this study there were only one model created and tested, but other models 
might be more viable for this dataset.  

The use of larger datasets would help to investigate if the predictions become more 
accurate, as the comparing group of commuters shows an increase in accuracy solely 
on more users to compare to. By running a test with verified commuters, the result of 
this study could be validated.  

6.6.1 Proposed system for recommendation 

The results of this study could aid in the creation of a predictive system, due to the 
limited scope where this method may be applied as the most effective method of 
prediction, we advise several actions to be taken. Given the knowledge gathered by 
conducting this research and information about commuting patterns found in previous 
conducted studies, this study recommends implementing a recommender system with 
a combined model, providing (A) cold start generation of suggestions and (B) the 
created model for refining the suggestions when more is known about the user. The 
implementor of such a system would need to calculate where the line is drawn for 
when the history itself is the best predictor and (C) create a recommendation from this 
when a set amount of history is achieved, preferably with time of usual travel and 
position as the main classifiers. A recommender based on three components, A, B and 
C each used where they are as most efficient.   
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8 Appendices 

8.1 Appendix A, Test computer specifications 
Description: 

Relevant information from windows dxdiag tool specifying the hardware and OS of 

the test computer. 
 
 Processor: Intel(R) Core(TM) i7-5820K CPU @ 3.30GHz (12 CPUs), ~3.3GHz 
Memory: 16384MB RAM 
Available OS Memory: 16222MB RAM 
Page File: 8546MB used, 10107MB available 
AMD Radeon R9 200 Series 
 
      Drive: C: 
 Free Space: 142.8 GB 
Total Space: 243.6 GB 
File System: NTFS 
      Model: Samsung SSD 950 PRO 256GB 
 
      Drive: E: 
 Free Space: 89.0 GB 
Total Space: 953.9 GB 
File System: NTFS 
      Model: Samsung SSD 860 EVO 1TB 
 
      Drive: F: 
 Free Space: 622.6 GB 
Total Space: 953.9 GB 
File System: NTFS 
      Model: Samsung SSD 970 EVO Plus 1TB 

8.2 Appendix B, GIT repository 

Description: 

Git repository, Scripts with model and data processing in a git repository. 

URL: 

https://gitlab.com/S0kr4t35/pythia 

https://gitlab.com/S0kr4t35/pythia
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8.3 Appendix C, Table of datasets 

Description: 

Table of datasets used for the experiment. 

The train data portion consists of 80% of all commuters and their full history in all cases, then the ranks of the selected 20% commuters are 

included at a varying degree. The train datasets are all tested on the same dataset consistent with the selected 20% of the commuters with their 

ranks 3 and over.  

 

 

 


