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Abstract 

Every day most people are using applications and services that are utilising 

machine learning, in some way, without even knowing it. Some of these 

applications and services could, for example, be Google’s search engine, 

Netflix’s recommendations, or Spotify’s music tips. For machine learning to 

work it needs data, and often a large amount of it. Roughly 2,5 quintillion 

bytes of data are created every day in the modern information society. This 

huge amount of data can be utilised to make applications and systems 

smarter and automated. Time logging systems today are usually not smart 

since users of these systems still must enter data manually. 

This bachelor thesis will explore the possibility of applying machine 

learning to task logging systems, to make it smarter and automated. The 

machine learning algorithm that is used to predict the user’s task, is called 

multiclass logistic regression, which is categorical. When a small amount of 

training data was used in the machine learning process the predictions of a 

task had a success rate of about 91%.  
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Summary 

Time reporting is a daily activity for many people and most systems that are 

used today are outdated. The company HRM wants to revolutionise the time 

reporting process by making it partly or fully automated, self-learning, and 

able to remember the users recurring tasks. Therefore, the aim of this 

bachelor thesis was to develop a prototype to make this happen. Many 

software processes today are automated and smart, because of a field in 

computer science called machine learning. Machine learning is sometimes 

associated with artificial intelligence because both can be described as self-

learning. However, machine learning is more related to statistical analysis. 

The machine learning algorithm used for the prototype was a classification 

algorithm, meaning that the output data would be categorised. The kind of 

machine learning algorithm that was used throughout this project was a 

multiclass logistic regression algorithm. The input data used in the prototype 

was calendar events from a set of volunteers from the company. The events 

had a large number of attributes, but only four attributes were used, which 

were title, body, start date, and end date. For the logistic regression 

algorithm, only the title was used to categorise the calendar events into 

different projects or work tasks. The data was split into two different sets, 

training data and test data. The machine learning algorithm would then train 

itself with the training data to create better precision. To be able to 

categorise the calendar events into different tasks, the events in the training 

data had to be manually labeled as different categories, either as specific 

tasks, ignore, or other. After several iterations with labeling and running the 

machine learning on the training data, the success rate for categorising 

events were around 91%. It should be noted that the amount of training data 

to the machine learning process were limited. As a result, the machine 

learning became personalised. If there would have been more data from a 

more varied group of individuals the result would probably be different. 

The developed prototype is a web application that consists of three parts, a 

front-end server for presenting the categorised data, a back-end server for 

authentication and fetching data, and another back-end server for the 

machine learning process. The front-end has two views, project report view, 

and auto report view. The user’s saved projects from the auto report view 

will be shown in the project report view, and the output from the machine 

learning will be shown in the auto report view. The first back-end server is 

responsible for receiving the calendar data and sending it to the machine 

learning server, and then receiving the processed data and passing it on to 

the front-end server. 
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Sammanfattning 

 

Tidrapportering är en daglig aktivitet för många människor och de flesta 

tidrapportering-system som används idag har inte hängt med i dagens 

snabba utveckling. Företaget HRM vill revolutionera hur tidrapportering 

fungerar idag genom att göra den delvis eller helt automatiserad. Målet med 

examensarbetet på företaget var att förverkliga deras vision om 

tidrapportering genom att utveckla en prototyp som skulle vara självlärande 

och komma ihåg användarens återkommande aktiviteter. Idag automatiseras 

och förbättras många mjukvarusystem genom att använda maskininlärning i 

dessa system. 

Maskininlärningen som användes i prototypen var en kategoriserande 

maskininlärningsalgoritm, där inmatningsdatan blir kategoriserad som 

utdata. Den maskininlärningsalgoritm som användes var multiklass logistisk 

regression. Inmatningsdatan till maskininlärningen var kalenderaktiviteter 

som erhölls ifrån några frivilliga medarbetare på företaget HRM. De olika 

aktiviteterna hade många olika värden, men det var bara fyra olika värden 

som användes, titel, innehållstext, startdatum och slutdatum. Till 

maskininlärningen användes endast titel för att kategorisera de olika 

aktiviteterna till olika projekt eller jobbrelaterade aktiviteter. Den insamlade 

datan delades upp i två olika delar, träningsdata och testdata, 

maskininlärningsalgoritmen blev sedan tränad på träningsdatan och testades 

sedan på testdatan. För att maskininlärningsalgoritmen skulle kunna 

kategorisera de olika aktiviteterna behövde träningsdatan bli manuellt märkt 

som olika aktiviteter, ignorera eller övrigt. Efter flera iterationer av 

märkningar och körningar av träningsdata respektive testdata blev 

träffsäkerheten av maskininlärningen runt 91 procent. En viktig notering är 

att det var en liten mängd data som användes till denna maskininlärning och 

att det kom ifrån en liten grupp medarbetare på HRM, som konsekvens blev 

maskininlärningsprocessen personaliserad. Om det hade funnits mer data 

tillgänglig så hade träffsäkerheten för maskininlärningen troligen varit 

annorlunda. 

Den utvecklade prototypen består utav tre delar, en front-end server som 

presenterar outputen från maskininlärningen, en back-end server för 

autentisering och hämtning av data, och en back-end server för 

maskininlärningen. Front-end servern har två vyer, projektrapport-vyn och 

autorapport-vyn. Projektrapport-vyn är där användarens sparade projekt från 

autorapport-vyn visas. I autorapport-vyn presenteras datan som 

maskininlärningen har behandlat. Den första back-end serverns uppgift är att 

autentisera Microsoftkonto och hämta kalender-data, och sedan skicka det 

till maskininlärningen. Sedan ta emot den bearbetade datan och skicka 

vidare det till front-end-servern.   
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"The rate at which we're generating data is rapidly outpacing our ability to 

analyze it," - Professor Patrick Wolfe 

1 Introduction 

The amount of data in the world is exponentially growing and the volume is 

roughly doubling every other year [1]. “IBM Research estimates that 90% of 

the world's information was generated in the last few years” [2]. All this data 

should be able to be used and utilised, however, to use data it needs to be 

transformed into information. Moreover, for data to become information, it 

needs to be interpreted and analysed [3]. However, larger amounts of data 

can be difficult to analyse, and extract manually in an efficient way. 

Therefore, machine learning can be used as a method to categorise, compile, 

and manage data. 

“Machine learning is the science of getting computers to act without being 

explicitly programmed.” – Stanford University [4] 

Machine learning is used everywhere today, and it is used more frequently 

in the development into a smart society [5]. For example, it is used in self-

driving cars, voice recognition, and effective web searches [6]. Therefore, 

the usage of machine learning is growing rapidly. Machine learning can be 

divided into two broad areas, supervised learning and unsupervised learning. 

The difference between these two is that supervised learning is given a 

correct answer, whilst unsupervised learning is not [7]. In order to work, 

machine learning needs input data, as well as some kind of algorithm that 

processes the input data, and it delivers output data. For machine learning to 

be effective it often needs a substantial amount of data, as well as a right 

kind of algorithm for the problem to process the data. 
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1.1 Background 

Many companies and consultants today are working with projects and doing 

work that cannot be logged with a simple timestamping program. Instead, 

they must fill in a time report on every project, every meeting and every task 

they do, to be able to get a salary at the end of the month. To keep track of 

what they do during the week they usually use their calendars or timer 

programs, and they often use this as a reference to their time report. Many 

time reporting systems today are more than ten years old and therefore also 

outdated. This is a time-consuming process, and many users believe that 

they could use the time they spend on this process in a better way. Those 

who work with projects and consulting often have recurring projects, 

meetings, and activities that they work on for several days, weeks and 

months. This is where machine learning could be applied to automate the 

time reporting process and make time for ordinary work. 

HRM is a software company that specialises in human resource management 

systems, and their product targets many areas, such as time reporting. HRM 

has specialised their time report functionality to businesses that use 

timestamps to keep track of the employees' work. Even so, they want to 

examine if there is a way of making their product better. HRM wants to 

revolutionise the time reporting process. In order to do that, they want to 

create a self-learning time reporting system that presents the user with a 

timesheet without having to enter any information manually. To achieve 

this, HRM must gather data from the user’s calendar, previous time sheets, 

and locations to feed into a machine learning algorithm that remembers the 

user's habits. 

1.2 Purpose 

The company where the practical parts of the thesis were carried out, wanted 

a software prototype of a self-learning time reporting system. The 

requirements were that the prototype should be built in a React.js framework 

with Flux architecture. In addition to this, they also wanted it to be a web 

application. Furthermore, the application would have to be able to gather 

data from one or more sources, so that it could analyse and process the 

gathered data and present a believable timesheet to the user. The user would 

then be able to choose one or more tasks from a list of suggested tasks to use 

in the final timesheet. If more than 90% of the suggested tasks would be 

right, then the time reporting process would be more effective and might 

even become enjoyable.  

1.3 Motivation 

Time reporting is usually a necessity that is used in most companies and 

industries, and it is a repetitive and time-consuming workload for most 
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employees. Timesheets are usually difficult to understand, and it can be hard 

for the employee to remember all the things that they have done throughout 

the week. Additionally, it is difficult to remember the time codes, and what 

time codes all the different projects should be reported as. A few companies 

still use the old method, that is to say, they write down their timesheets on 

paper before sending it to the headquarter. Many people already document 

their time with timers, calendars, observers and other means. Therefore, this 

thesis will investigate and give a clearer picture if the time report can be 

semi- or fully-automated by using already existing data with machine 

learning. 

1.4 Target group 

This thesis can be interesting for students, researchers, and developers with 

interest in machine learning and automation, especially how it can help and 

support their work. It can also be interesting for companies that are looking 

for improvements and automation of their systems and products. Companies 

with wonders if machine learning is something that the company will have 

any value of, or if it will just be another cost, could benefit from reading this 

thesis. 

1.5 Scope and delimitations 

Early in the pilot study, it became clear that this investigation would focus 

on the category supervised learning of machine learning since the prototype 

would present desired output based on example input. Because the expected 

output of the machine learning process of the prototype would be a set of 

categories, the machine learning algorithm would need to be a multiclass 

classification algorithm. The different expected categories would be an 

employee’s recurrent work tasks, like a default task for the job title, specific 

task, or a meeting. 

At the company where most of the thesis was carried out, there were some 

delimitations to the prototype to be able to deliver a functional application. 

In the pilot study, several possible data sources to the training data were 

found. Among these data sources were Outlook Calendar, timesheets from 

the company, timer and voice input. It was decided that we were only to use 

data from Outlook Calendar and verified timesheets from HRM since these 

were the most relevant ones. Another reason for choosing this is that there 

would not be enough time to implement support for all data sources. In the 

pilot study, several machine learning frameworks were identified and 

evaluated, among them were Google Cloud AI, Microsoft Azure, and 

Apache Spark. In the end, Apache Spark was chosen because it was free to 

use, while the other frameworks were not.  
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To be able to focus on the machine learning process and not spend as much 

time on developing the graphical user interface as well as its functionality, 

some resources were given by HRM. Among these resources were the 

company’s stylesheet for their software product as well as the structure of 

React components. Some delimitations of the user interface were that the 

prototype was developed in React framework with Flux architecture and that 

the graphical user interface would only consist of two views. The two views 

developed were project report view and auto report view, where the data 

from the machine learning would be displayed. The project report view 

showed the users saved tasks for each day, including how much time they 

spent on each task. These projects would then be submitted to a timesheet. 

The second view would be very similar to the project view in design but 

would display a list of task suggestions for each day of the week based on 

the output data from the machine learning process. 

1.6 Disposition 

For further reading, the following layout is presented and a brief summary of 

each chapter. 

1.6.1 Theoretical background and techniques 

The theoretical background and techniques section includes a brief review of 

each theory, technique, and framework used during the thesis and 

implementation. This Part will explain machine learning in general as well 

as some machine learning terms and algorithms, and the JavaScript 

frameworks used for implementing the graphical user interface. 

1.6.2 Method 

The method section will include an explanation of both the theoretical- and 

practical approach, as well as how problems have been solved along the 

way. This part will also show the results that were expected to be achieved 

in the end. In addition to this, it will also display a few estimates that where 

expected when the implementation and the scientific solution to the 

computer science problem. 

1.6.3 Smart task logging 

The smart task logging section goes through the practical work that has been 

done at the case company. The goal for the company is to implement a 

prototype that can predict a week's time report with machine learning, by 

using data that already exists as an input, such as the Outlook Calendar. It 

will also explain the implementation and the prototypes functions in general. 
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1.6.4 Results 

Results of the thesis report will be shown here, and it will contain both the 

practical and the theoretical results. 

1.6.5 Discussion 

In this section, a discussion of the result will be made. Moreover, it will be 

discussed how this degree project contributes to computer science and how 

it can contribute to future research on the subject. Setbacks in the 

implementation and thoughts during the thesis is also mentioned.  

1.6.6 Conclusion & future work 

The conclusion includes an interpretation of the result, where the facts 

represented in the result will be interpreted, and conclusions will be made 

based on the facts. 

 

1.6.7 References 

This section will include references to all books, web pages, lectures and 

other records used to produce the report. 
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2 Theoretical background and techniques 

This section will contain short presentations of the theoretical parts of the 

research. It will present machine learning in general and some machine 

learning algorithms, used frameworks, and descriptions of terms that are 

used in the research. 

2.1 Machine learning 

Machine learning is a field of computer science. This area can be described 

by saying that it is an algorithm that learns by receiving information and that 

the result usually improves the more data it gets [8]. Machine learning 

originates from and adheres to, pattern recognition, statistics, and artificial 

intelligence. These three areas are also the three bases for machine learning 

[9]. Pattern recognition in machine learning is about finding the underlying 

patterns in the data, which are found by the machine learning algorithms.  

Machine learning is usually divided into two distinct categories. These 

categories are supervised and unsupervised learning, which can later be 

divided into more sub-categories. Supervised learning is used when the data 

is labeled and it is known what kind of answer that is wanted, while 

unsupervised learning is used when the data is unlabeled. The goal of 

unsupervised learning is to find the underlying hidden patterns in the data 

[10]. Some of the most common approaches to machine learning are 

decision tree learning, naive bays classification, linear and logistic 

regression as well as clustering algorithms. 

2.1.1 Supervised learning 

Machine learning has several different tasks and one of these is supervised 

learning. It is used when you have labeled input data which also can be 

called training data. Furthermore, if you include that labeled training data as 

an input into the machine learning algorithm and know what kind of output 

that is wanted from the machine learning, then it is supervised learning [11]. 

Supervised learning maps an input to an output that is given by the labeled 

training data. Moreover, there are many different algorithms that can be used 

in supervised learning and some of the most common approaches are 

decision tree, support vectors, linear regression and logistic regression [12]. 

2.1.2 Machine learning approaches 

The approaches to machine learning are the algorithms that are used to 

calculate and evaluate the data, which are continuously being developed for 

machine learning. To understand, manage and handle the machine learning 

approaches in an effective way, some background knowledge of the 
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computational statistic needs to be in place [7]. Two basic terms from 

computational statistic that are good to know are the definitions of 

correlation and regression. Correlation is a statistical technique that 

measures how strongly two values are related, whilst regression is a 

statistical technique that creates a function that tries to find the relationship 

between a dependent variable to one or more independent values. 

2.1.3 Logistic regression 

 
Figure 1: Example of a linear regression 

Logistic regression is a special case of linear regression Figure 1. Logistic 

regression's outcome is a categorical variable, which also can be called a nominal 

variable [13]. The logistic regression model assumes that the outcome will be 

categorical, and the model can be separated into two different mains, binary 

logistic regression Figure 2, and multinomial (multiclass) logistic regression. 

Binary logistic regression is when the outcome only has two values, for example, 

true/false, 1/0, pass/fail, win/lose. The binary logistic will translate the two 

categories into ones and zeroes. In other words, if we have win and lose, the 

binary will set win as value one and lose as value zero. Multinomial logistic 

regression is used when the output has polytomous possible values or outcomes. 

Logistic regression, on the other hand, takes its categorical dependent variable 

values and their independent variables, measures the relationship between them 

and evaluate what the chances are for each categorical. 
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Figure 2: Example of a binary logistic regression 

 

The standard logistic regression function is a Sigmund function, and the standard 

logistic function σ(t) is defined by the following formula [14]: 

𝜎(𝑡) =
1

1+𝑒−𝑡
=

𝑒𝑡

𝑒𝑡+1
  

Multinomial logistic regression is usually referred to as polytomous logistic 

regression, multinomial logit or multiclass logistic regression. The multinomial 

logistic regression model is a binary logistic model with several explanatory 

variables [11]. The multinomial logistic model can be ordinal or nominal, 

depending on how the data is labeled. The multinomial logistic model compares 

groups by combining multiple binary logistic regressions. By doing this the 

model can compare all the categories with the dependent variable, and then 

choose the category with the highest chance of being the correct category for the 

data [15]. 

 



  
 

9 

2.1.4 Overfitting and underfitting 

 
Figure 3: Example of an overfitted model 

The goal of the machine learning during the training phase is to have as few 

errors as possible based on the training data. This can, however, cause 

overfitting, Figure 3, which is one of the bigger and more usual problems with 

machine learning. Overfitted models usually provide satisfactory results when it 

receives the training data or data that is extremely similar to the training data. 

Nevertheless, when it is presented to “real world” data it is executed with poor 

results [15]. Even if there are slight differences from the training data, it might 

miss some cases that the model would not have, if it was better fitted. Another 

problem with overfitting is that it is hard to detect and find out what the problem 

is, and it is usually especially hard to fix the problems.  



  
 

10 

 
Figure 4: Example of a "good" fitted model 

If the data model, on the other hand, would have been fitted Figure 4 it would, in 

most cases where the data is different from the training data, get better results.  

 
Figure 5: Example of an underfitted model 

However, if the training model is underfitted, Figure 5, it is obvious that it is not 

a good model just by looking at Figure 5. It will have substandard performance, 

and it will even fail on much of its own training data. Underfitting is usually not 

a big problem compared to overfitting since underfitting is often easy to detect 

even at earlier stages of the model [16]. 



  
 

11 

2.2 Apache Spark 

“Apache Spark is an open-source distributed general-purpose cluster computing 

framework with (mostly) in-memory data processing engine that can do ETL, 

analytics, machine learning and graph processing on large volumes of data” [17]. 

Apache Spark was developed at the University of California, and it is written in 

Java, Scala, R, and Python, but it is mainly written in Scala. These programming 

languages are also the main languages that are being used by developers that 

work with Apache Spark. One of the main important things that Apache Spark 

enables is that it simplifies the access to machine learning. In machine learning, 

with Apache Spark, it takes input and creates Resilient Distributed Dataset 

(RDD) and then transforms the RDDs to fit the pipelines. The pipelines can then 

transform data frames and fit them into the model to work with the machine 

learning algorithm [17]. 

2.3 JavaScript Frameworks 

2.3.1 React 

React is a JavaScript framework developed by Facebook and Instagram, and 

it is used to develop user interfaces for the web [18]. The idea behind React 

is to construct an app with several components. A component can, for 

example, be a button, a list or a list item. These components can be 

compared to HTML-tags where these tags are the foundation of a web page. 

Another resemblance between React components and HTML-tags is the 

syntax. It is written in the same way, but the difference is that there is 

JavaScript behind the React syntax. Furthermore, a component only knows 

what it creates, it does not know where it comes from. That is to say, a 

component knows who their children are, but it does not know anything 

about its own parents. Components also have a state which the component 

itself rules over, this can, however, be passed on to their children [19]. Each 

component has a render function which returns an object to be rendered. 

[20] 

2.3.2 React-Router 

React-Router is a JavaScript library that is used to route to different views of 

an application. It is often used alongside React to render different views of 

the application, which usually is a top-level component. React-Router 

includes some navigational components to make the routing between views 

or components available; some of these are Router, Route, and Link. The 

Router component is used to make the routing possible, it is usually used as 

the top-level component in a React app but can be a child in a component. 

The Route component specifies what path a specific component/view should 
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be rendered and compares its path to the current location’s path. Finally, the 

Link component is used to link the different paths in the application [21]. 

2.3.3 Redux 

Redux is a framework that is used to manage states in web applications, 

more specifically single page applications (SPA). Redux state contains a 

plain object that can only be updated through a dispatch action, which also is 

a plain JavaScript object. Dispatch actions are handled in functions called 

“reducers”, which updates the state and returns the next state of the 

application. The reducer function takes two arguments, the first being the 

action type and the second being the data of the action object. 

Redux has three principles, the first is that there should only be a single 

source of truth, the second is that state is read-only, and the third is that 

changes are made with pure functions. A single source of truth means that 

there should only be one component that is responsible for changes to the 

state of the application. The single source of truth in Redux is a state tree in 

a “store” object which the application uses for reading the state. The state is 

read-only because of the dispatch actions; that is to say, neither the views 

nor the network callbacks will write to state. They will, however, express the 

intent to change the state through actions. The changes to the state are made 

by pure functions. In other words, the functions take the previous state, 

along with an action, and return the next state. Considering this, the state is 

immutable [22] [8]. 

2.4 Microsoft Graph 

Microsoft Graph is a developer platform made by Microsoft that connects 

multiple services and devices. This allows developers to integrate their 

services with Microsoft products, for example, accessing data in Outlook 

Calendar [23]. 
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3 Method 

3.1 Scientific approach 

Since the experience with machine learning was close to nothing, a pilot 

study on the subject was carried out. The first few weeks were spent on 

gathering information and taking online courses about machine learning. 

The goal was to understand machine learning in general and to try to find 

one or more suitable machine learning techniques for this specific problem. 

After a short study, it became clear that there was more to machine learning 

than just algorithms, and it was realised that the algorithms also need some 

kind of training data to analyse. In this case, where a specific output was 

expected, it was clear that supervised machine learning would be required. 

After this, it was decided that the training data should come from calendars, 

more specifically Microsoft Outlook Calendar. Furthermore, the data was 

obtained through the Microsoft Graph API, where a calendar with a specific 

id was requested. The data received was a list of calendar events, where each 

event was a JSON object with several values, including event title, start date, 

end date, and body. Since the machine learning would predict a number of 

tasks each week, the event title was used as training data. However, there 

was a limited amount of calendar events from the calendars used, and a 

consequence of this was that the machine learning was going to be personal 

and not general. The next part was to analyse and evaluate the suitable 

machine learning techniques and choose one or more to test on the data 

provided from the calendars. 

3.2 Implementation approach 

The front-end was developed in four steps. firstly, a development plan was 

made. Secondly, the design of the application was made. Thirdly, the design 

was implemented, and lastly, tested. The last two steps were iterated several 

times before the front-end was finished. The plan was to identify the 

required components for each view of the graphical user interface and then 

implement the lowest order of components, before implementing the top 

order component. Each component was tested before it was implemented. 

Moreover, the component testing focused on functionality and confirming 

the style of the component was as intended. The design of the front-end 

focused on the looks and feel of the different views of the graphical user 

interface.  

Throughout the development of the prototype, the progress was shown 

during short meetings, at least two times a week. During the meetings, the 

supervisor at the company, among others, gave feedback on what to add or 

change about the prototype, as well as their general thoughts about it. The 

prototype was also demonstrated at the company’s developer meetings a few 
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times. During these meetings, the developers at the company asked 

questions about the prototype and gave their thoughts. The feedback from 

the meetings and the demonstrations were then considered and often resulted 

in a change of the prototype. 

The approach for developing the part of the back-end that was responsible 

for authenticating with Microsoft account and fetching the calendar data was 

to follow Microsoft tutorial on how to use Microsoft Graph. However, the 

code was analysed, tested, and refactored to suit the needs of the prototype. 

Among the things refactored was the specification of what data the 

Microsoft Graph API should fetch. Much of the code provided in the tutorial 

was not used in the prototype. 

3.3 Machine learning tests and observations 

The pilot study started by finding sources of input data for the machine 

learning. Questions like "where should the data come from?" and "what kind 

of data should be used in the machine learning?" arose during this phase. 

Early in the study, it was decided that already existing data, or easily created 

data that did not need any manual inputs to get the data into the system, was 

to be used. During this early state different areas were found; they all 

contained data which could be possible candidates for the machine learning. 

The different candidates were calendars, old timesheets, location data and 

computer observers. All these different candidates were explored and 

discussed throughout the entire pilot study. After a few weeks, a decision 

about the input data was made, and it was decided that the focus of the 

machine learning should be on calendars data. When this decision was made 

the next thing to decide was what type of machine learning that should be 

used. The main questions for the machine learning at this stage were, 

"should it use supervised or unsupervised learning?" and "what type of 

algorithms should be used?". A workshop meeting was organised, and on 

this workshop meeting various ways of doing the machine learning were 

discussed, and proposals with different algorithms and setups for machine 

learning were created. The proposals were then refined and studied further 

before they were presented and discussed at the decision meeting. Moreover, 

it was decided that the machine learning should be done with Apache Spark 

and written in Scala using the multinomial logistic regression model to 

categories the training data. At the decision meeting, some employees at 

HRM agreed on letting the study use their calendars and time reports to 

make a training data set. Furthermore, the training data was then created 

based on the employee’s Outlook Calendars events, and the training data 

was labeled with project codes to be able to be categorised. The multinomial 

logistic regression model was further studied and a back-end application 

using Apache Spark MLlib with multinomial logistic regression was set up. 
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4 Smart task logging 

In the first few weeks, different frameworks and techniques required for the 

prototype were studied in parallel with the pilot study. During this phase, 

many preparations for different workshops were also made and workshops 

with some of the company’s employees were held. The goal of these 

workshops was to brainstorm ideas and try to innovate the time reporting 

business. There was a total of two innovation workshops where several 

topics were discussed and brainstormed with various brainstorming 

techniques. Some of the topics discussed were time reporting, timesheets, 

artificial intelligence, machine learning, positioning techniques, voice input, 

and reward systems. At each workshop, the ideas and discussions were 

documented either on a laptop, notebook or post-it notes. After each 

workshop, a summary was made where the ideas were categorised and 

evaluated. After the workshops were done, a list of concrete ideas was made, 

and presented at the next decision meeting. During this meeting, an idea was 

chosen and limitations to that idea were set. At the decision meeting, it was 

decided that the original idea for the thesis was the most interesting and 

relevant one. It was also decided that the data sources should consist of data 

from Microsoft Outlook Calendar and verified timesheets. Microsoft 

Outlook Calendar was chosen because the employees used it as their default 

calendar at the work place. Moreover, the calendar data would be provided 

by a few employees at the company, and the timesheets would be obtained 

from the company’s time reporting system. For fetching the calendar data 

the volunteers shared their calendars through their Microsoft accounts, so 

that it could be obtained by using Microsoft Graph. 

Like machine learning, the required frameworks for the prototype were 

either unknown, or there was a limited experience of them. Therefore it was 

required to gather information about the frameworks and techniques, which 

was mostly achieved by reading the official documentation, as well as 

testing the frameworks and techniques.  
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Figure 6: Structure and flow of the back-end of the prototype 

4.1 Back-end 

A decision about what kind of input data that were supposed to be used was 

made, with this decision the type of machine learning was also set to be of 

the classification type. After these decisions, the creation of the training data 

begun. Data were retrieved from calendars and labeled with different task 

codes. When there was enough training data to start testing if the model 

would work or not, the machine learning was created. Furthermore, the 

machine learning was set up with Apache Spark in Scala. The training data 

was tested against the machine learning, and more training data was created 

iteratively throughout the project and tested on the machine learning. When 

the machine learning was up and running, the back-end server was set up. 

The back-end server was built in Java to be able to receive calendar data 

through JSON objects. The calendar events were sent through the machine 

learning which appended a project code to each of the calendar events and 

returned the calendar data to the front-end server. 

4.2 Front-end 

It was decided from the start of the thesis that the developed prototype 

would use the UI framework known as React, which is a JavaScript library. 

It was also decided that the prototype would be a web application, where 

Redux was to be used as a Flux architecture. In addition, another JavaScript 

library named React-Router was used for switching between views. The first 

steps of the implementation were to design the graphical user interface, 

which was designed with assistance from the company’s UX designer. At 

this point, it was decided that the application should have at least two views, 

a project report view, and an auto report view, where the output from the 
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machine learning would be displayed. After the drawing board, a plan was 

made to begin implementing the smallest components first and then build 

upon them. The company provided the HTML-structure of some React 

components which were used since there was not enough time to create 

them from scratch. The company’s stylesheet for their mobile application 

was also used in the prototype, partly for removing the need to make our 

own stylesheet, but also because the company’s style for the prototype was 

the preferred one. Even then, there was a need to tweak the style a little to 

suit the prototype. The style of the components was a mix between the 

company’s stylesheet and a stylesheet from Material Design, which is a 

design language made by Google [24]. 
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5 Results 

5.1 Machine learning of calendar events 

The machine learning translates each word in all calendar events by assigning 

the words a numeric value; by doing so each word gets a probability on what 

category it should be in. When all words from the events had received their 

probabilities, they were combined to get the contingency of the event. This was 

done because the machine learning needs it to be able to categorise the events. 

5.1.1 Training data testing 

 

 
Figure 7: Shows the prediction for the machine learning at intervals of 100 more training data. 

Figure 7 illustrates the result of the machine learning. Moreover, when the 

machine learning trained and tested its own training data, the data was split 

roughly into 80% training data and 20% test data. 

100 200 300 400 500 600 700 800

Training data 57,10% 64,70% 76,90% 83,30% 90,70% 93,80% 95,10% 96,80%
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5.1.2 Test in practice 

 

 
Figure 8: Shows the percentage of correct predictions on calendar events from a real person's calendar. 

Figure 8 presents the result of the machine learning when it was tested on a real 

person's calendar events. All the events that the person had in one week were 

predicted and the figure shows the percentage of how many correct predictions 

the machine learning algorithm had made for all events during that week.  

Week 1 Week 2 Week 3 Week 4 Week 5

Test weeks 96% 92% 86,00% 88% 91,00%
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5.2 Prototype 

The prototype is a web application built with React, React-Router, and 

Redux. It consists of two views, project report view, shown in Figure 9, and 

auto report view, shown in Figure 10. Some of the buttons in the views were 

not functional: either because they were not needed or since there was not 

enough time to implement them. Nevertheless, to be able to run the 

prototype on a smartphone, a computer had to run the application so that the 

smartphone could use a web browser and enter the computers IP as well as 

the port number of the application in the address field. 

The finished application consisted of three parts, the reactive front-end, a 

back-end server for authenticating a Microsoft account and fetching the 

Outlook Calendar data, and a machine learning server. It would be possible 

to integrate the front-end with the back-end server fetching calendar data, 

but since the focus was on keeping it modular, they were kept separate. To 

start the machine learning process the user would click a button in the user 

interface, then a popup window would be initiated where the user would 

authenticate themselves. Furthermore, after the authentification, the first 

back-end server used Microsoft Graph to fetch calendar data and sent this 

data to the machine learning server where the data was processed. Moreover, 

the machine learning server then sent the processed data back to the other 

back-end server as a response. Lastly, the data would be sent back to the 

front-end server for presentation.  

To add a suggested task from the auto report view to the project report view, 

one would simply have to click on the desired task and click on the save 

button. Selected tasks were shown by having a checked checkbox on them. 

Additionally, it was also possible to add multiple tasks by checking the 

desired ones and clicking the save button. 
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Figure 9: Project report view, this is where saved projects from auto report view will be shown. To get to 

the auto report view one would have to click the “autorapport” button down in the left corner. The red 

circle with the number 3 in it denotes how many suggestions the auto report view has. Note that the 

language in the application is Swedish. 
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Figure 10: Auto report view, this is where the machine learning process is started, and the processed data 

are shown as projects, with project number, title, and time. The red circle with number 3 in it denotes how 

many tasks that have been checked and will be imported to project report view if the “spara” button is 

clicked.  
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6 Discussion 

In the section Scope and delimitations1.5, it was mentioned that there were 

several different data sources that were considered to be used in the machine 

learning. Nonetheless, a decision was made, and it was decided that calendar 

data should be used. Furthermore, since the data was collected from a small 

group of people, the data was quite personal. This should, of course, be 

avoided if the goal is to create a machine learning that should target more 

than one person. If this machine learning would be used on a new, larger 

group of people, the result would probably not be as good, since the training 

data is quite personalised.  

R.J Henery points out that [25] when it comes to testing the accuracy in 

classification and testing it on the training set it is not unusual that the 

accuracy is close to, or even fully fitted to the model. The training- and test-

set can, however, have excellent performance when tested on training data. 

Nevertheless, when it is presented to unseen and external data, the 

performance might not be close to the test data's performance and therefore, 

the result can be quite disappointing. When looking at the results of the 

machine learning, both the training data and the real data, the result is quite 

good. The training test data is almost 97% accurate, whilst the average 

accuracy for the test on calendars from real people is roughly 91%. The 

numbers themselves look quite good, but as mentioned earlier in the 

discussion the result would not have been as good if this was implemented 

on a person outside of the study. However, if the machine learning could be 

made personal for all the users, the machine learning would probably 

improve, which we think would increase the user experience. Therefore, we 

think it would be preferable to make the machine learning personalised, 

especially when using data from something as personal as a calendar. 

One of the main issues was the training data, especially that the amount of 

available data was limited. Since the amount of training data was limited, 

stable results could end up being a problem. Considering this, it is difficult 

to make a confident conclusion of the results of the tests. All the training 

data was manually labeled by us, which also might be something to consider 

when evaluating this report. Since we, and not the person whom the calendar 

events belonged to, labeled the data, there might be a few events that have 

been wrongly labeled. However, when the data was being labeled, and 

questions about some events that did not seem obvious to us arose, we asked 

the person to whom the events belonged to. 

It was a challenge to develop the front-end since we had not used React or 

Redux before. React was easy to learn and the implementation of the 

components was quite easy to understand. Nonetheless, it was harder to 

understand how the data would flow through the application. Furthermore, it 
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was hard to implement Redux in the application and to use pure functions to 

change the state of the application. But the real challenge with Redux was 

just to connect the store object to the React application and keep track of the 

list item’s state. In the end, we just passed the stored object down as 

property to the components, which was one of the documented solutions. 

[26] 

At the beginning of the development of the prototype, we did not think it 

would be so hard to integrate the different parts of the application, especially 

the front-end with the back-end. However, the back-end servers were easy to 

integrate with each other since they could communicate with the HTML 

protocol. Nevertheless, when integrating the front-end with the back-end 

server handling Microsoft Graph, we ran into some problems. We thought 

that it would be optimal for the front-end to receive the data through HTML-

protocol, but it was hard to implement this in the React structure of the 

front-end. After a while, we thought that we could write the data to a file and 

then read the file in the front-end, but this was not a trifle either. To be able 

to read a file in our React application we could not use JavaScript’s standard 

file reader. Therefore, we were forced to use another JavaScript module for 

this task.  

Microsoft Graph’s authentication requirement was a real pain to integrate 

into the front-end because the authentication process was a series of 

redirects and requests to different URLs. Since the front end is a single page 

application, a reload of the web address that the application was running on 

would trigger a reset on the applications state. Therefore, we spent much 

time on trying to authenticate a different way than clicking an authenticating 

link and follow a series of redirects. We tested many JavaScript modules 

without success; even Microsoft’s own modules did not work properly. 

After a day or two, we found a solution; which was to open the 

authentication link in a popup window to prevent a reload of the front-end. 

However, generating a popup window and closing it was not the easiest 

thing to do either. Because of the limited time we did not have time to try 

other solutions. In the end, we had a working prototype, along with a good 

machine learning algorithm for analysing the data from the Outlook 

Calendar.   
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7 Conclusion & future work 

Since the amount of training data was limited, the training data, as well as 

the output data, became quite personalised. Even if our results were good 

and had a success rate of 91% this would probably be very different if the 

training data was not personalised. If the machine learning would stay 

personal, newly employed would have a problem with getting good 

suggestions, if any good suggestions at all in their first timesheets. Since 

people work and use calendars very differently it would be challenging to 

make a general machine learning algorithm that works for everyone. For 

machine learning with this limited amount of training data to work for 

timesheets, there is a need for personalised data, to have somewhat correct 

predictions. Even if the amount of data would have been really large, it 

might not work that well for everyone anyway, since people have different 

job titles and different activities. It could, however, on a bigger scale for 

larger companies with more employees that have similar tasks, be a solution 

for their employee's time reports. 

The best sources of data would probably be calendars or verified timesheets. 

On the one hand, if calendars are used, the machine learning must be able to 

ignore personal events; which probably could be difficult to do. On the other 

hand, if verified time sheets were used there would not be any personal 

activities to consider, which might be preferred. A way to take the machine 

learning to the next level would be to include a feedback system in the 

application. That is to say, if the suggested projects in the application are 

used in the filed timesheet, the machine learning could use this as feedback 

to improve the algorithm and extend the amount of training data. 

If the prototype would result in an implementation of machine learning 

process in the project report, it would probably be better to fetch calendar 

events from the native calendar. Furthermore, the machine learning process 

would need to be improved, to constantly update the training data and learn 

from users.  

There were many different tests, experiments, and approaches that had to be 

left out because of the lack of time. One of the tests that were considered 

halfway through the project was to implement time occurrence of the 

calendar events and add that to the machine learning; partly to predict what 

type of category the event should be labeled as, but also because it could be 

used as a weight to the machine learning algorithm training data. In other 

words, the newer the event is, the higher the weight it has in the training 

data. For future testing, it would have been interesting to see how well the 

prototype would work when testing on people that are outside the circle of 

people which the training data was collected from. 
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In the section Smart task logging4, it was mentioned that calendar events 

were the chosen data to use. However, for future research, it would be 

interesting to use a different kind of data source and compare the results and 

satisfaction of the users. Also, combining two or more different data sources 

to predict what kind of project the employees are working on would be 

interesting to try out. The first two data sources that would be interesting to 

consider combining with the calendars machine learning would be location 

and previous time reports. By adding location to the machine learning, a 

better prediction of the events might be given. Additionally, it might also 

contribute with new features to the predictions. For example, events that 

look the same in the calendar application might not look the same in the 

time report, since it depends on where the events occur.  
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