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Abstract 
In the present research we investigated if we can implement the classic mouse-tracking 

paradigm, which requires a mouse-input to touch-screen devices, as a way to get a better 

insight into the real-time process underlying decision conflict resolution. 

A within-subjects experiment was performed by 37 participants across two sessions to test if 

mouse-tracking paradigm can be used on touch-screen devices to measure choice difficulty 

and if mouse-tracking parameters are sensitive to nudging effects on decision difficulty. In 

session 1 baseline healthiness and tastiness ratings were collected for each participant and 

they had to choose between 45 food combinations twice. In session 2 those trials which 

were expected to be the most difficult for each individual were selected and nudges were 

introduced to try and influence the decision process. All trials were conducted using mouse-

tracking software on a touch-screen tablet.1 

Results showed that mouse-tracking parameters on a touch-screen device can distinguish 

between dominant trials and difficult trials, and that dragging time and spatial disorder also 

were able to distinguish between trade-off and similarity difficulty. Results also showed a 

choice location effect for which the trajectory parameters showed a more direct path to the 

final decision if participants chose in line with their dominant hand. Next to that we 

researched if variance in mouse-tracking parameters as measured on a touch-screen device 

is meaningfully related to nudging effects.  We found support for dragging time and spatial 

disorder but not for maximum deviation and area under the curve. 
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Chapter 1: Introduction 
When people want to engage in behavioral change they often struggle to make the choices 

which will be beneficial in the long run. For example, if they have the goal to eat healthier, 

when presented with the choice between a tasty Mars bar and a healthy banana, an internal 

conflict needs to be resolved between the immediate gratification of eating the Mars bar 

and the long term benefits of eating the banana. As the valuation of the importance to get 

immediate gratification or be healthy in the long run differs between individuals, the way 

this trade-off is resolved also differs between individuals. If we could effectively measure 

these trade-off conflicts, we would be able to get valuable insight into ways for individuals to 

exert self-control. Traditional measures of decision conflict usually rely on self-reports which 

are collected after a conflict is resolved. This lacks the measurement during the actual 

conflict resolution and relies on participants’ ability to accurately report the experienced 

conflict (Schneider et al., 2015). Models of expected utility give us theoretical models into 

how these trade-off conflicts are resolved, but they use a one-time static measure for the 

utility of an attribute, while the underlying process is dynamic. We still lack a continuous 

measurement to gain additional insights into this underlying process. Mouse-tracking 

paradigm can provide us with a way to capture the dynamic conflict resolution in real time 

(Hehman, Stolier, & Freeman, 2015). 

Sullivan, Hutcherson, Harris and Rangel (2015) theorized that self-control failures in dieting 

can be partially explained by the faster processing of the more basic tastiness attribute 

compared to the more abstract healthiness attribute. By using mouse-tracking as a real-time 

measurement, they were able to capture the timing at which both attributes became 

relevant in a decision between two food items which had a trade-off conflict. Stillman, 

Medvedev and Ferguson (2017) found that hand movements during a mouse-tracking task 

as measured by area under the curve resulted in greater conflict in trials which had high self-

reported trade-off conflict compared to low conflict. Mouse-tracking paradigm seems a 

promising way to get more insight into the way conflicts are resolved. However, most 

mouse-tracking research has been done in its classical sense, using a computer and a mouse 

and not using a touch-screen device. 

With a little over 25% of the world population owning a smartphone in 2015 (Statista, 2017), 

and almost 70% of the population in the Netherlands alone this year (Newzoo, 2017) 
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smartphones have become an integral part of everyday life. Due to the wide variety of 

sensor capabilities build into most phones and the all-round usage of smartphones (Rachuri 

et al., 2010), they could provide a powerful tool to be used in conjunction with mouse-

tracking paradigm to get real-time insights into individuals’ conflict resolution. If the mouse-

tracking paradigm is also usable on handheld touch-screen devices, we could gain additional 

information about individual conflict resolution which is not captured by traditional forms of 

data gathering, like questionnaires. This could be especially useful for example in experience 

sampling method studies, as they rely on measurements in the naturally occurring social 

environment (Reis & Gable, 2000). If we can use mouse-tracking paradigm on a touch-screen 

device, we will be able to help people resolve decision conflicts by presenting them with 

nudges or other persuasive messages when they face a decision which is difficult for them. 

In this research, we will firstly investigate if we can use mouse-tracking paradigm on touch-

screen devices to measure decision difficulty. And secondly we will investigate in this 

research is to what extend the presence of a nudge will affect the mouse-tracking 

parameters. 

In this paper, we will further discuss the theoretical background underlying choice models 

and mouse-tracking paradigm and discuss the results of a relevant preliminary research 

which was conducted in a similar context. After that we will discuss our experiment in-depth, 

which will be followed by an analysis of our results. Concluding, we will elaborate on the 

findings based on these results and any limitations from our current research. 
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Chapter 2: Theoretical background 
In this section we will discuss the theoretical background underlying the current research. 

We will first discuss the classic utility framework, the computational models of expected 

utility which build from this and how external cues (nudges) can affect this process. Next we 

will discuss the different types of difficulties which can be induced during a decision process.  

After this we will discuss mouse-tracking paradigm, which can be used as a continuous 

measurement of the conflict resolution, and relevant research in the field of mouse-tracking 

and food decision. Lastly we will formulate the research questions and hypotheses we will 

answer in this research. 

2.1: Models of expected utility 
Choice models of expected utility describe how people make choices when presented with 

multiple options which each have their own subjective values associated with them. A 

simple decision task would be choosing between two options, for example a healthy but less 

tasty banana and a tasty but unhealthy Mars bar. According to the classic utility framework 

one would choose the option that has the highest expected utility towards ones current 

goals (Oppenheimer & Kelso, 2015). In mathematical terms this can be written as 𝐸𝑈 =

∑ ∑ 𝑢𝑗𝑘𝐷𝑗𝑘
𝐾𝑗
𝑘=1

𝐽
𝑗=1 , where D is a subjective value function for attribute j takes the kth possible 

value, and ujk represents the attribute weight which the decision maker associates with a 

perceived level k of attribute j (Nelson, 1999). This implies that in the decision process 

between two options, both alternatives are compared on their relevant attributes towards 

one’s goals and final choices differ between people because everyone has their own 

subjective weighting of attribute values. 

From this utility framework, several extensions have been developed, such as multi-attribute 

decision field theory (Roe, Busemeyer, & Townsend, 2001), the leaky competing-

accumulator model (Usher & McClelland, 2001) and the drift diffusion model (Ratcliff & 

McKoon, 2008). Although these models differ in the technical details on how a decision is 

computed, they have conceptually in common that during the process of decision making, a 

series of smaller steps is made in which the preference states for all options is positively or 

negatively updated. During each step, a decision maker is able to evaluate one attribute at 

most. This means that in our banana versus Mars bar example, one might first evaluate both 

options on the tastiness attribute which increases the preference state of the Mars relative 



4 
 

to the banana, a few seconds later on the healthiness attribute, which increases the 

preference state of the banana, and then again on tastiness and so forth. A decision is 

reached when a theoretical predefined threshold for either option is exceeded, or an 

externally imposed time constraint is reached. 

2.2: Nudges 
Through external cues, or so called nudges, ones beliefs about the outcome of relevant 

options can be altered which will affect the gathering of evidence for decision options 

(Coffman, Featherstone, & Kessler, 2015). One nudging type is through the use of social 

information (information that the majority chose the banana when presented the choice 

between a banana and a Mars bar). Burger et al. (2010) investigated the effect of descriptive 

norm information on food choice by placing empty wrappers of either healthy or unhealthy 

food bars in view of the participant, or no wrappers at all, which would be left there from 

prior experiments. They found that participants selected either healthy or unhealthy snack 

bars in line with what they thought previous participants had chosen. Another study by 

Croker, Whitaker, Cooke and Wardle (2009) shows that presenting the social norm by 

percentage of individuals who have the intention to eat healthy increases the stated 

intention of participants to eat healthy in the future. Adding certain words or logos can also 

alter the decision process by altering the beliefs about the subjective values of the attributes 

of a choice option. For example, Sütterlin and Siegrist (2015) found that adding the label 

“fruit sugar” instead of the label “sugar” increases the perceived healthiness of a breakfast 

cereal. 

2.3: Decision difficulty 
Depending on the relative valuations of a choice option’s attributes relative to other options 

available, decisions can vary in decision difficulty. When one option dominates on all 

relevant attributes towards ones current goals, this dominant option is always expected to 

be chosen over the option which it is dominating and the decision difficulty will be low. 

However, when there is no clear dominating option, the computational models of decision 

making theorize that the decision process will alternate between both options before 

settling on a final decision. Depending on the valuations of the relevant attributes relative to 

each other, different types of decision difficulty can be identified. 
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The first type of decision difficulty is similarity. This occurs when the available options are 

subjectively similar on relevant attributes. For example, when choosing between an apple 

and a banana. Both of which might be evaluated as being similar on tastiness and also similar 

on healthiness compared to each other. These highly ambiguous choices require more 

reflection to reach a final decision since there is no clear winner. (Dshemuchadse, 

Scherbaum, & Goschke, 2013). 

The second type of decision difficulty is trade-off difficulty. This occurs when there is a trade-

off between relevant attributes which needs to be resolved, where one option gives a higher 

expected utility towards one goal, while the other option gives a higher expected utility 

towards another goal. For example when choosing between a very tasty Mars bar which 

caters to ones goal for immediate gratification, and a healthy banana which caters to ones 

goal to eat healthy. This type of choice difficulty requires one to exert self-control to choose 

the option in accordance with their long-term goals over the immediately gratifying option 

(Mischel, 2014). 

2.4: Mouse-tracking paradigm 

By tracking how a person’s hand moves when choosing between multiple alternatives, 

Mouse-tracking paradigm can be used as a continuous measurement to give insight into the 

cognitive processes which take place when a person is presented with a decision between 

multiple alternatives. In its most simple form, participants are presented with two options to 

choose from which are represented in the top left and right corner of the screen, and have 

to drag a cursor from the bottom center of the screen towards either option (Figure 1). By 

measuring the positions of the cursor on screen during the decision task, we get a real-time 

measurement of when a certain response option was committed to, even if it was not the 

response which was selected in the end. For example, in Figure 1 B we see that the cursor 

was first drawn towards “female” before selecting “male” as the final answer, while this 

attraction from the answer “female” was much less in Figure 1 A (Hehman, Stolier, & 

Freeman, 2015). From the cursor positions during the choice process, multiple parameters 

can be calculated, which can give different insights into the underlying choice processes. The 

following parameters are of special interest in understanding underlying cognitive processes 

as discussed by Hehman et al. (2015). 
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Figure 1: Example of a decision task using mouse-tracking. Figure A shows a smooth, continuous competition, while B shows 
a discrete, abrupt shift in categorization. The decision axis would be the x-axis, with the number of changes in direction 
along the x-axis as a measure for spatial disorder (Hehman et al., 2015). 

The first parameters are mouse-trajectory deviations. These can be measured through two 

measures which both assess a degree of attraction towards the response alternative not 

chosen. The first is the maximum deviation (MD), which is the largest perpendicular 

deviation from the ideal mouse-trajectory (a straight line from the starting point to the 

selected response) during mouse-movement. MD gives an indication if mouse trajectories 

follow an abrupt, impulse-inhibition profile (Figure 1 B), or a more dynamic smooth profile 

(Figure 1 A). Besides the MD of individual trajectories, the distribution of MD gives additional 

information about the cognitive processes underlying the trajectories. A unimodal 

distribution indicates that trajectories follow smooth, graded competition with a distribution 

range of low, medium and high strengths, consistent with smooth, dynamic models. While a 

bimodal distribution would indicate trajectories exhibit either a high or a low level of conflict 

consistent with abrupt processing (Hehman et al., 2015). The second measure for mouse-

trajectory deviations is the area under the curve (AUC), which is the geometric area between 

the ideal mouse-trajectory and the observed mouse-trajectory. This measure shows the 

relative competition between the two available options during the whole choice trajectory. 

The more competition there is between the two options, the less direct the mouse-

trajectory will be which will result in a higher AUC (Freeman & Ambady, 2010). AUC and MD 

normally correlate highly under a constrained relationship. However, if the mouse-trajectory 

had an abrupt deviation, this can result in a high MD, but still small AUC. 

The second type of measures focusses on temporal analysis, which is the onset and timing of 

mouse-trajectory deviations measured by mouse movement over time. This gives a 

millisecond resolution measurement of the time course response activation and gives insight 
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into how behavioral responses evolve differently over time (Hehman et al., 2015). To 

research this, one can measure the total time spend dragging the mouse to the choice 

option and the acceleration and the velocity of the mouse movement during the decision 

process. 

Spatial disorder is a measure of the irregularity and unpredictability across the axis on which 

choice alternatives are located, also known as the decision axis. Spatial disorder is measured 

as the amount of times a change in direction is made along the direction of the decision axis. 

For example, in Figure 1 when one has to drag the picture of the person to either the 

classification female in the top left or male in the top right, the decision axis would be the x-

axis and a measure for spatial disorder would be the number of changes in direction across 

the x-axis. A higher spatial disorder indicates a more complex mouse movement. When 

multiple choice alternatives exert attraction relative to each other during the decision 

process, this can manifest in a more complex and fluctuating mouse trajectory, resulting in 

higher spatial disorder (Hehman et al., 2015). 

2.5: Mouse-tracking paradigm in food-choice research 

Based on the overall concept of models of expected utility and the computational models 

which were based on this, Sullivan et al. (2015) researched the timing of the incorporation of 

different attributes into choices. They used mouse-tracking paradigm as a real-time measure 

of conflict. In their research, participants first had to rate different food items on their 

healthiness, tastiness and overall liking. Next they had to choose between randomly selected 

food pairs by dragging a cursor with a mouse to the preferred item. As a measure of when 

healthiness and tastiness attributes started to affect the decision process, they looked at 

when the time windows at which the relative healthiness rating and relative tastiness ratings 

(as measured by attributeright – attributeleft) were continuously significantly correlated with 

the relative mouse-position. For example, when the relative mouse-position was significantly 

related to the relative tastiness rating starting from 300 milliseconds onwards, and the 

relative mouse-position was also significantly related to the relative healthiness rating 

starting from 800 milliseconds onwards, the tastiness attributes would be incorporated by 

the choice circuitry 500 milliseconds earlier than healthiness attributes. In their research, 

they concluded that mouse-trajectories were influenced by tastiness attributes on average 

195 milliseconds earlier than healthiness attributes. In another research by Stillman et al. 
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(2017), the paradigm was used as a measure of real-time conflict resolution during self-

control decisions. They conducted three experiments in which participants had to choose 

between two options by dragging a cursor with a mouse to the preferred answer. In the first 

experiment they either showed a healthy but not tasty food item and an unhealthy but tasty 

food item (inducing a self-control conflict by pitting taste goals against health goals), or a 

healthy and an inedible item (control trials) and asked participants to choose the item that 

they should eat to be healthy. They found that AUC was significantly higher in trials with self-

control conflict compared to the control trials. After the experiment participants were asked 

to choose between an apple and a candy bar to consume. They found a marginal relation 

between the average AUC of a participant across all trials and the likelihood of choosing the 

healthy apple over the tasty candy bar. In the second experiment the setup was almost 

identical to the first, except that the control trials were now replaced by a choice between 

two healthy options (inducing a similarity decision difficulty rather than a trade-off 

difficulty). They found that AUC was higher for similarity trials compared to self-control 

trials. An important finding from these studies is that they showed that mouse-tracking 

parameters can capture some of the components relevant to conflict resolution in binary 

food decision tasks, and that mouse-tracking paradigm can be used to distinguish between 

different types of choice difficulty. 

Mouse-tracking parameters have been used in numerous experiments as a real-time 

measure of conflict resolution. As with most research concerning mouse-tracking paradigm 

(Dale, Roche, Snyder, & McCall, 2008; Freeman, Ambady, Rule, & Johnson, 2008; Yu, Wang, 

Wang, & Bastin, 2012; Hehman, Stolier, & Freeman, 2015), Sullivan et al. (2015) and Stillman 

et al. (2017) used mouse-tracking paradigm in its classical sense, that is using an actual 

computer and mouse to measure mouse-tracking parameters. However, very few prior 

research has been conducted on implementing mouse-tracking paradigm on touch-screen 

devices. To this end, our first research question will be to investigate if mouse-tracking 

paradigm can be used on a touch-screen device to measure choice difficulty. 

2.6: Research questions & hypothesis 
Expanding on earlier mouse-tracking literature, we will research if mouse-tracking paradigm 

can be used to capture conflict resolution in a binary food decision task on touch-screen 

devices. So our first research question will be: 
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Can mouse-tracking paradigm be used on touch-screen devices to measure choice 

difficulty in a binary food decision task? 

A study by Li, Willemsen, Zhang & Genugten (2016) researched whether mouse-tracking 

paradigm can be used on a touch-screen device, but their research was aimed at measuring 

attitudes rather than actual choices and their underlying trade-offs. A preliminary research 

on the data from their experiment was performed to get a better understanding of mouse-

tracking paradigm on a touch screen device. See appendix A for a detailed description of the 

findings. Their results suggest that mouse-tracking paradigm can capture differences 

between choices which attitude levels differ high in intensity. This gives an indication that 

mouse-tracking paradigm can be implemented on a touch screen device to measure decision 

difficulty. Our first hypothesis will be: 

H1: Mouse-tracking parameters as measured on a touch-screen device can differentiate 

between dominant trials and trials with choice difficulty. 

Since decisions can be difficult both when there is a trade-off and when there is a similarity 

effect, if mouse-tracking parameters as measured on a touch screen device are effected by 

decision difficulty, we will further investigate if mouse-tracking parameters are effected 

differently by the type of decision difficulty. As theorized by the computational models, the 

preference states for each choice option is updated either positively or negatively in each 

small computational step during a decision process. For trade-off decisions, the change in 

preference state for each option relatively to each other is expected to be relatively high for 

each step, as each option dominates the other on a certain attribute. For example, when one 

has to choose between a banana and a Mars bar, the preference state for the banana will be 

increased much more when the healthiness attribute is considered, while the preference 

state for the Mars bar will increase much more if the tastiness attribute is considered. 

Because of these relatively higher changes, the preference state for one option can suddenly 

cross the theoretical decision threshold. In similarity decisions, where both options score 

relatively similar on all relevant attributes, the preference states for both options are only 

altered slightly relatively to each other. Both options will approximate the theoretical 

decision threshold and there is no sudden winner. Stillman et al. (2017) found this effect 

when they researched AUC. They found that similarity trials, the AUC was higher and thus 
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showed more decision difficulty compared to trade-off trials. Based on this, we formulate 

our second hypothesis as following: 

H2: Decision difficulty as measured by mouse-tracking paradigm on a touch-screen device 

will be higher for decisions between similar items compared to items which pose a trade-off 

difficulty. 

If mouse-tracking paradigm is able to be used on touch-screen devices to distinguish 

between easy and difficult decisions, the next step will be to investigate if mouse-tracking 

parameters on a touch screen device have meaningful variance with respect to external 

nudging cues that influence the decision process. Therefore our second research question 

will be as following: 

Can we use mouse-tracking paradigm to measure the presence of a nudging effect in a 

binary food task?  

If mouse-tracking paradigm is indeed similar on touch-screen devices, and we assume that 

nudges work, based on the current paradigm we would expect to find that mouse-tracking 

parameters can also pick up on the effects of external nudging cues on the decision process. 

Our third hypothesis will be:  

H3: Mouse-tracking parameters as measured on a touch-screen device can differentiate 

between the effects of nudging directions on choice difficulty. 

To answer these questions, we will have two separate sessions in close proximity of each 

other. Session 1 will be used to get a baseline to research if mouse-tracking parameters as 

measured by touch-screen devices are sensitive to choice difficulty, and to get a selection of 

the more difficult trials for each individual participant. To answer research question 1, 

participants’ choices will be modelled based on mouse-tracking parameters and on choice 

difficulty based on self-reported levels of tastiness and healthiness which will differentiate 

between dominant, similarity and trade-off trials. We anticipate that mouse-tracking 

parameters show a contrast between the different trial types. In session 2, we will use those 

trials from session 1 that were most difficult for each individual and use two different 

nudging types to try and influence the decision conflict and investigate to what extend 

mouse-tracking parameters are influenced by this. To this end we will model the mouse-

tracking parameters by the nudging direction relative to final choice and the certainty which 
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participants showed for identical trials in session 1, and for those trials where they were 

consistent in identical choices we will also investigate the effect of nudging direction on 

decision changes between sessions. 

  



12 
 

Chapter 3: Method 

3.1: Participants 
37 subjects (23 male, 14 female, 35 right-handed, 2 left-handed, mean age = 30, SD = 12) 

participated in the experiment. 5 participants indicated that they were vegetarian. 1 

participant indicated he was allergic to pork meat and was on a low energy diet, 1 

participant was lactose intolerance and 1 participant had mild allergies to cow milk and 

coffee in large quantities. Our stimuli consisted amongst others out of sushi (vegetarian), 

donuts (pork gelatin) a Mars bar and kinder Bueno (milk allergy). When controlling for these 

person-variables the results of our models did not alter, and so they are not reported in the 

models. 

3.2: Experimental design 

The experiment will follow a within subjects repeated measures design consisting of two 

sessions. Session 1 will be used to get a baseline to determine if mouse-tracking parameters 

as measured by touch-screen devices are sensitive to choice difficulty, and to get a selection 

of the more difficult trials for each individual participant. In session 2, we will use those trials 

from session 1 that were most difficult for each individual and use two different nudging 

types to try and change the choice conflict as measured by mouse-tracking parameters. The 

total duration of session 1 was approximately 20 minutes. The total duration of session 2 

was approximately 10 minutes. 

3.2.1: Choice trials 

In the choice trials, participants were first shown a practice trial before the actual trials 

began. Each trial began with the display of the cursor at the bottom of a black screen and 

the line “Please drag the cursor to the food item you prefer” above it (Figure 2 left). As soon 

as subjects pressed the cursor, both choice options appeared, one in the top left and one in 

the top right part of the screen (Figure 2 right). Options only appeared after the cursor was 

touched for the first time in each trial to make sure the decision process only started after 

the participant initiated the mouse-movement.  Once the cursor was released within the 

boundaries of one of the images (the grey box), the next trial started. 
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Figure 2: Choice screen. Participants would first see a black screen with only the cursor (left). Once participants pressed the 
cursor both items would appear in the two top corners of the screen. 

In session 2, a control condition and two experimental conditions (logo condition & 

percentage condition) were used. The control condition was identical to the choice trials in 

session 1. In the logo condition, either the Choice Nutrition logo or a Chef’s Approval logo 

was added as shown in Figure 3 row A and row B. 

 

Figure 3: Practice trials for the experimental conditions in session 2. The left column shows the display before the cursor was 
touched, the right column shows the display after the participants started moving the cursor. Row A (Choice Nutrition logo) 
and row B (Chef’s Approval logo) show the logo experimental condition. Row C shows the percentage experimental 
condition. 

At the start of a trial, the logo was displayed at the center top of the screen, together with 

the cursor in the bottom center. As soon as participants pressed the cursor, the logo in the 

top center disappeared and the logo was shown underneath both choice options. The logo’s 

differed in size. The size differences was either equal in size (both size 2), one logo was 2 

times as big as the other (one item size 1, the other item size 2) or one logo was 3 times as 

A: Logo condition 

Choice Nutrition 

logo 

C: Percentage 

condition 

B: Logo condition 

Chef’s Approval 

logo 
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big as the other (one item size 1, the other item size 3) Participants were instructed 

beforehand that the option with the bigger logo was rated higher on its healthiness attribute 

(Choice Nutrition Logo, Figure 4 left) or on its tastiness attribute (Chef’s Approval Figure 4 

right), thus nudging participants in that direction. For the Choice Nutrition Logo, the 

instructions were: "This is the Dutch Choice Nutrition logo. It is used to indicate healthier 

options within a food group. A bigger logo means that the item is considered healthier. In 

the example below, the strawberries get a higher healthiness approval than the pizza slices." 

For the Chef’s Approval logo, the instructions were: "This is the Chefs Approval logo. It is 

used to indicate tastier options within a food group. A bigger logo means that the item is 

tastier. In the example below, the pizza slices get a higher tastiness approval than the 

strawberries." 

In the percentage condition (Figure 3 row C) we used social norm to nudge participants 

towards either option. Once participants pressed the cursor a percentage was shown 

underneath both options depicting the percentage of participants who chose that particular 

option in session 1 for identical choices. The percentages shown were not the real 

distributions in session 1. Rather they were determined beforehand so all choice options 

would be the socially desired answer in some trials. Percentages always added up to 100%. 

The instructions for the participants were: “The percentage underneath the food item 

indicates the percentage of trials on day 1 where a participant chose that option when it was 

available. So in this case, 65% of participants chose the pizza in session 1, and 35% of 

participants chose the strawberries in session 1."  

Participants first completed 3 practice trials, one for each condition (Figure 3, the left 

column shows the screen before participants pressed the cursor, the right column shows the 

screen after participants pressed the cursor) 

 

Figure 4: Choices Nutrition logo, left (Stichting Ik Kies Bewust, n.d.) and Chef’s Approval logo, right 
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3.3 Appratus and stimuli 

3.3.1: Apparatus 

The experiment was implemented on a Samsung Galaxy Tab 8 android tablet with a 

resolution of 800*1280 pixels in landscape position. Mouse-tracking parameters were 

measured using the Kivy open source python library (Kivy, n.d.) with a temporal resolution of 

66 Hz, providing a data point every 0.015 seconds. 

3.3.2: Stimuli 

10 food images were selected a-priori from the Standardized Food Image database provided 

by the Image Sciences Institute, UMC Utrecht (Charbonnier, van Meer, van der Laan, 

Viergever, & Smeets, 2016). This database was used because all food images are presented 

in a standardized manner, eliminating effects from visual differences between pictures. 

These images were all rated on their healthiness by a sample of Dutch adults (N=136), which 

was used as a baseline for perceived healthiness. To get a baseline for tastiness, we 

compared the images with the Food Pics database, which contains tastiness ratings for 896 

food items taken from samples of German speaking countries and North America (N=1988) 

(Blechert, Meule, Busch, & Ohla, 2014). We ended up with 5 food items which were 

expected to score higher on healthiness compared to tastiness, and 5 food items which were 

expected to score higher on tastiness compared to healthiness. All food images used and 

corresponding baselines for healthiness and tastiness ratings, as well as the healthiness and 

tastiness ratings found in the experiment can be found in Appendix B. 

3.4: Measures 

3.4.1: Self-reported ratings for healthiness and tastiness 

Healthiness (“How healthy is this food?”) and tastiness (“How tasty is this food?”) attributes 

for each of the 10 food items were measured through self-reports using a 7-points Likert 

scale (-3, “very little” to 3, “very much”). Orderings of food items were randomized between 

participants. Figure 5 shows a typical rating screen. 
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Figure 5: Typical trial in the rating task. 

3.4.2: Mouse-tracking measures 

At each data point, the x and y coordinates of the center of the cursor, the delta with the old 

coordinates and the timestamp were measured. Once the cursor was released within the 

boundaries of either choice alternative, the response was recorded. 

3.4.3: Trait self-control scale 

At the end of session 2, participants filled in the Brief Self-Control Scale which can give a 

measure for general trail self-control (Tangney, Baumeister, & Boone, 2004). To this end, 13 

questions were asked on a scale of 1 to 7. In the original Brief Self-Control Scale, the 

questions were answered on a scale of 1 to 5. But for consistency throughout the 

experiment the scale was extended to 7 points. The questions are shown in Appendix F. 

Cronbach’s alpha for all 13 questions is .69. If we exclude question 4 (“I say inappropriate 

things”) Cronbach’s alpha improves to .72. This is a slight improvement, but not enough to 

deviate from the original scale. So we used the mean of all 13 items to create a subscale for 

general train self-control (M = 3.82, SD = 0.40). 

 3.5: Procedure 

3.5.1: Session 1 

Participants first signed in using the Archie database and then read and signed an informed 

consent form. After this, the experiment began. Firstly, participants were shown 10 different 

food items one at a time and were asked to rate them in terms of healthiness and tastiness. 

Stimulus order was randomized across subjects. 

Second, participants made binary choices among food pairs consisting of these 10 images. 

Each image combination was shown twice with the location of the stimuli inverted between 

trials, for a total of 90 choice pairs. Ordering of stimuli locations (normal vs inverted) was 

randomized across participants. Choices were made in 45-trial blocks, with a 1 minute rest in 



17 
 

between. Subjects were instructed to select which of the two foods they preferred by 

dragging the cursor to the image of their preferred choice.  The ordering of trials was 

randomized. 

Lastly, participants’ demographics, goal to eat healthy, hunger and allergies were collected 

(Appendix E) and participants were reminded of the date for the second session. 

3.5.2: Interim period 

Because there were only 2 days between the last day of experiments for session 1, and the 

start of the experiments for session 2, a simple model was used to identify the difficult trials. 

Since all stimuli combinations were shown twice, this gives an indication on the difficulty of 

the choice. If participants chose a different item on both identical trials (inconsistent choice), 

we assumed that the choice was more difficult compared to trials where participants chose 

the same option in both identical trials (consistent trials). Next, a multilevel binomial logistic 

regression was run on the whole sample to predict choice inconsistency as shown in Table 1. 

As dragging time, maximum acceleration and maximum velocity are highly correlated (Figure 

7) the latter two are omitted to prevent multicollinearity. Insignificant variables were 

omitted stepwise, which resulted in model 3 as our best model to predict choice 

inconsistency. 

Predictors Coefficient (Std. Error) 
Choice consistency Model 1 Model 2 Model 3 

Fixed effect    
Area under the curve -0.036 (0.507)   
Maximum deviation 0.084 (0.068)   
Drag time 0.455 (0.143)*** 0.496 (0.141)*** 0.491 (0.141)*** 
Spatial disorder 0.078 (0.027)** 0.084 (0.027)** 0.084 (0.027)** 
Difference health -0.033 (0.042) -0.034 (0.042)  
Difference taste -0.041 (0.049) -0.035 (0.048)  
Constant -2.545 (0.489) *** -2.813 (0.186)*** -2.808 (0.186)*** 

Random effect    
Subject 0.712 (0.226)*** 0.768 (0.238)*** 0.763 (0.237*** 

AIC 1980 1798 1975 

+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

Table 1: Model for choice consistency. 

For our final selection of trials to use in session 2 for each participant, we first selected those 

trials for which a participant chose inconsistent in identical trials. This gave us between 1 and 

12 trials per participant (mean inconsistent trials = 6, SD = 3). Since there were 45 distinct 

trials in session 1, this accounted for 2% to 27% of trials per participant having choice 

inconsistency. Next, trials were added which were predicted to have the highest likelihood of 

having a choice inconsistency by model 3 as shown in Table 1 until each participants had a 
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total of 24 trials. Trials were divided among the three experimental conditions (control, logo, 

rating) randomly. 

3.5.3: Session 2 

Participants logged in onto the tablet using the same ID as in session 1. Next, they were told 

that they had to choose between 24 food pairs. It was explained that for some trials the 

Choice Nutrition Logo would be displayed underneath both options, where the size of the 

logo indicated the healthiness valuation of the associated option. While in other trials the 

Chef’s Approval logo would be displayed, and that the size of the logo indicated the tastiness 

valuation of the associated option. And for some trials a percentage would be displayed 

underneath both options, showing the percentages of participants who chose each option in 

session 1 for that trial. Participants were also told that one of the tasks would be selected at 

random and that they would receive the item chosen in that task to consume after the 

experiment. All food items used in the experiment were presented in the room where the 

instructions were given. Since they did not know in advance which trial would be selected, 

the best strategy was to treat every trial as if it was the only trial, which ensures that 

participants’ decisions were ecologically relevant. 

Next they got a practice trial for each type of trial (control, Choice Nutrition Logo, Chef’s 

Approval logo, percentage) as shown in Figure 2 and Figure 3. After that they chose between 

24 food pairs in the same manner as in session 1. Food pairs were personalized for each 

participant based on the results of session 1 (as described in the heading ‘interim period’). 

Food pairs were divided into three blocks of 8 choices each. Block 1 was used as a control 

condition, and no manipulations were used. In block 2, participants got the logo trials, and in 

block 3, participants got the percentage trials. The ordering of the three blocks and the 

location of the stimuli (left vs right) was randomized amongst participants. 

After the decision task, goal to eat healthy and hunger levels were collected again. Next, 

participants filled in the Brief Self Control Scale, which measures general trait self-control 

(Tangney, Baumeister, & Boone, 2004). This was measured as a control variable for self-

control differences (Appendix F). Then participants received one of the food items they 

chose at random and were asked to either immediately consume it or wait 15 minutes in the 

lab. Two participants refused to eat the given food item (one bell pepper, participant 

indicated that he had never eaten a raw bell pepper; one donut, participant indicated that 
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fried food was very bad for your health). Finally, participants received €5.00 as 

compensation and were thanked for their participation. 
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Chapter 4: Results 

4.1: Pilot session 
A pilot study was conducted beforehand for two reasons. Because of the limited time 

between session 1 and session 2, in which the results of session 1 needed to be analyzed to 

derive the individual difficult trials to use for session 2, the first reasoning behind the pilot 

session was to get an indication of the model we would need to use to select the difficult 

trials for each individual. 8 participants entered the pilot session (mean age = 30, SD = 9, 6 

male). No participant was vegetarian nor did they have any allergies. Outliers were removed 

according to standard mouse-tracking practices (Freeman & Ambady, 2010). Specifically, the 

data was time-normalized into 101 time bins of equal length and each response was rescaled 

such that each trajectory started at location [0,0] and ended at location [1,1]. We then 

removed trajectories that were ±3 standard deviations from the mean on dragging time or 

AUC. This removed 7% of trials, leaving us with 680 trials across 8 participants. Per 

participant, we retained 81 to 89 of the 90 trials, with on average 84 trials per participant 

(SD = 3). 

When we look at the correlations between mouse-tracking parameters (Figure 6), we find 

that dragging time, maximum acceleration and maximum velocity all correlate strongly. 

Spatial disorder also correlates with various degrees with the other parameters. There is also 

a strong correlation between AUC and MD. As discussed, the consistency between identical 

trials can give us an indication of choice difficulty. We did not find support that mouse-

tracking parameters differed between consistent trials and inconsistent trials for our pilot 

data. However, due to the limited sample size and the expected small to medium effect 

sizes, it would be unlikely that we would find significant effects. Post-session interviews also 

revealed that two participants intentionally gave some wrong answers during the trials, 

which further hinders the expectation to find significant results. When we investigated the 

choice distribution of items by healthiness and tastiness trade-off, for the majority of trials 

participants were inclined to choose in line with the item which won on the tastiness trade-

off. It could be that the relative weights given to the tastiness attribute in the computation 

process is higher than that of the healthiness attribute. 
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Figure 6: Correlation matrix between mouse-tracking parameters in the pilot session. The upper half shows the Pearson’s 
correlation coefficient. 

The second reason for the pilot was that, although the application to measure mouse-

tracking parameters was derived from earlier research (Li et al., 2016), it was significantly 

modified to fit our research goals. Through the pilot session we could field test the 

application before the actual experiment. Post-session interviews were conducted which 

revealed that, apart from some small textual errors, the instructions were clear and the 

application worked as expected. 

4.1.1: Conclusion pilot session 

From the pilot session, we learned that the build application functioned as intended and that 

we could reliably measure the relevant mouse-tracking parameters. We also found that the 

weighting of the healthiness attribute and the tastiness attribute will probably differ in the 

computation process, which we should account for. Next to that we established that it was 

difficult to determine a reliable measure to distinguish between the more difficult trials and 

that the choice consistency in identical trials would be used to select the individual trials to 

be used in session 2. 
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4.2: Session 1 

4.2.1: Data preparation 

Trials with less than 5 data points were excluded from further analysis, as this would indicate 

that the responses were made by clicking on one of the places where the response would 

appear instead of actually dragging the cursor. For one participant, this dropped 94% of 

trials. This participant was excluded from further analysis. This dropped 3% of total trials. 

Next the data was again prepared in line with standard mouse-tracking practices as 

described in the pilot session. This excluded an additional 6% of trials, leaving us  with 3020 

trials across 36 participants. Per participant, we retained 68 to 89 trials of the 90 trials, with 

on average 84 trials per participant (SD = 4). 

4.2.2: Mouse-tracking parameters 

All mouse tracking variables are positively skewed (Appendix C.1). To improve normality, we 

log transformed the variables, which shows an improvement of normality for most variables 

(Appendix C.2). Spatial disorder follows a Poisson distribution instead of a normal 

distribution. We will account for this in our models. For AUC, after log transformation our 

data still shows a leptokurtic peak, but normality is improved. In the next section, the log for 

MD, AUC, drag time, maximum velocity and maximum acceleration were used. For spatial 

disorder, a poisson distribution function was used. The word “log” is omitted in the next 

section to improve readability. 

When we look at the correlation between the different mouse-tracking parameters (Figure 

7) we find that the Pearson correlation coëfficient is highly significant for all pairwise 

combinations (p < 0.001) and thus all our mouse-tracking parameters are correlated at 

different strength levels. AUC is strongly positively correlated with MD, and has a weak 

correlation with drag time (positive), maximum velocity (negative), maximum acceleration 

(positive) and spatial disorder (positive). MD has weak correlations with drag time (positive), 

maximum velocity (negative), maximum acceleration (negative) and spatial disorder 

(positive). Drag time has a strong correlation with maximum velocity (negative) and 

maximum acceleration (negative) and a medium correlation with spatial disorder (positive). 

Maximum velocity strongly correlates with maximum acceleration (positive) and weakly with 

spatial disorder (negative). Lastly, maximum acceleration correlates moderately with spatial 

disorder (negative). Because of the strong correlation between dragging time, maximum  

velocity and maximum acceleration, we will only discuss dragging time in this section. 
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Dragging time was selected as it is the most prevailant measure of temporal resolution used 

in prior mouse-tracking experiments (Sullivan et al., 2015; Stillman et al., 2017). 

 

Figure 7: Correlation matrix between log transformed mouse-tracking parameters in session 1. The upper half shows the 
Pearson’s correlation coefficient. 

4.2.3: Self reported trade-off & trial difficulty 

To be able to compare self-reported ratings of healthiness and tastiness they were 

standardized for each participant to account for individual baseline scores using Z-scores (for 

example someone who always valuate the healthiness value of food items very high or very 

low). For the remainder of this paper, when we discuss either the healthiness or tastiness 

ratings, the z-transformed scores are meant unless stated otherwise. Differences are 

calculated as ℎ𝑒𝑎𝑙𝑡ℎ𝑖𝑛𝑒𝑠𝑠𝑙𝑒𝑓𝑡 − ℎ𝑒𝑎𝑙𝑡ℎ𝑖𝑛𝑒𝑠𝑠𝑟𝑖𝑔ℎ𝑡 (identical for tastiness), so a positive value 

for the difference means the item on the left scored higher, and a negative value means the 

item on the right scored higher. 

Due to the more abstract nature of healthiness attribute compared to the more basic 

tastiness attribute, it might be that healthiness and tastiness ratings have a different effect 

size on final decision (Liberman & Trope, 2008). So we first performed a multilevel logistic 

regression to predict choice (choose left item vs choose right item) by healthiness difference 
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and tastiness difference (attribute left – attribute right) to find the effect sizes for both. 

Subject was added as a random intercept to account for individual differences. We found 

that the difference in tastiness has a much higher effect coefficient (b = 1.36, Std. Err. = 0.05, 

p <0.05) compared to the difference for healthiness (b = 0.25; Std Err. = 0.03, p <0.05). To 

transform these logistic regression weights to linear weights we calculate the odds ratio for 

both attributes. We will use these weights to calculate the absolute difference in expected 

utility for each trial as 

∆𝐸𝑈 = |𝑒0.25 ∗ (ℎ𝑒𝑎𝑙𝑡ℎ𝑙𝑒𝑓𝑡 − ℎ𝑒𝑎𝑙𝑡ℎ𝑟𝑖𝑔ℎ𝑡) + 𝑒1.36 ∗ (𝑡𝑎𝑠𝑡𝑒𝑙𝑒𝑓𝑡 − 𝑡𝑎𝑠𝑡𝑒𝑟𝑖𝑔ℎ𝑡)| 

We use this difference in expected utility to divide all trials into either trials where one 

option strongly dominates (one option dominates on both healthiness and tastiness ratings) 

or trials where there is decision difficulty (Figure 8 top split). For the trials where there is 

decision difficulty, we distinguished between either trials with similarity (both options score 

similar on both healthiness and tastiness) or trials which have trade-off conflict (one option 

scores higher on healthiness while the other option scores higher on tastiness). We did this 

by categorizing the conflict trials into trials with trade-off and trials without trade-off 

conflict. Trials without conflict were classified as similar trials (Figure 8 middle split). Next we 

selected a threshold for the trials with trade-off based on the weighted healthiness 

difference (∆𝐻 = 𝑒0.25 ∗ (ℎ𝑒𝑎𝑙𝑡ℎ𝑙𝑒𝑓𝑡 − ℎ𝑒𝑎𝑙𝑡ℎ𝑟𝑖𝑔ℎ𝑡)) and the weighted tastiness difference 

(∆𝑇 = 𝑒1.36 ∗ (𝑡𝑎𝑠𝑡𝑒𝑙𝑒𝑓𝑡 − 𝑡𝑎𝑠𝑡𝑒𝑟𝑖𝑔ℎ𝑡)) under which trials were also classified as similarity 

trials (Figure 8 bottom choice). Since we do not have prior literature to suggest cut-off points 

for each category, we chose the cutoff points such that each category is approximately equal 

in size. This gave us a ∆𝐸𝑈 of 5.02 as a cut-off point between dominant and difficult trials, 

and for the remaining trials with a trade-off difficulty, a weighted healthiness and tastiness 

difference of 2.49 as shown in Figure 8. 

 

Figure 8: Decision tree to classify the trials of session 1 into the three decision difficulty types. 
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Table 2 shows the distribution of trials in dominant, trade-off and similarity trials. 

Trial type N Percentage 

Dominant 1007 33% 

Trade-off 1022 34% 

Similar 991 33% 

Table 2: Division of different trial types. 

For each participant, all possible picture combinations were shown twice. This means that a 

subject could either choose the same item twice, or choose both items once for any given 

trial. This gives us another indication of the actual choice difficulty within each participant. In 

89% of trials, participants chose consistent in identical trials and in 11% of trials participants 

chose inconsistent.  

In the next section, we will first research the type of conflict resolution by investigating the 

trajectories, and next investigate the effects of trial types, where we expect that in trials 

which have either a trade-off difficulty, or trials which are very similar on healthiness and 

tastiness attributes, mouse-tracking parameters will show more conflict compared to 

dominant trials. 

4.2.4 Multilevel analysis for mouse tracking parameters 

We will use multilevel generalized linear models to compare the contrast of the different 

mouse-tracking parameters by trial type (dominant x trade-off x similarity). As we expect 

both trade-off trials and similarity trials to be higher in choice difficulty, these are compared 

against dominant trials which are the intercept to investigate our first hypothesis: “Mouse-

tracking parameters as measured on a touch-screen device differentiate between dominant 

trials and trials with choice difficulty.” We will also inspect the different effect sizes of trade-

off trials and similarity trials to investigate our second hypothesis: “Decision difficulty as 

measured by mouse-tracking paradigm on a touch-screen device will be higher for decisions 

between similar items compared to items which pose a trade-off difficulty.” Whether 

participants changed their choice between identical trials was added as a control variable to 

control for explicit decision difficulty other than captured by trial type. Goal to eat healthy, 

hunger level or whether a participant was vegan or not did not improve the models and are 

not reported here. Choice direction (left vs right) was a strong predictor for most 

parameters. Because we only had 2 left-handed participants in our sample, we decided to 

omit these trials (5% of trials) and add choice direction as a control variable. Since we used 
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repeated measures, a random intercept for subject level was added to account for the 

differences between participants. Models for the same dependent variable were compared 

using the Akaike Information Criterion (AIC), which measures the trade-off between model 

fit and model complexity. The model with the lowest total AIC is deemed as the best model 

(Burnham & Anderson, 2003). 

4.2.4.1: Maximum deviation 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Fixed effects    
Trial type Dominant   
 Trade-off 0.176 (0.065)** 0.144 (0.065)* 
 Similar 0.182 (0.061)** 0.167 (0.062)** 
Chose consistent in identical trials (0 = consistent, 1 = inconsistent)  0.195 (0.079)* 
Direction of choice (0 = left, 1 = right)  -0.152 (0.047)*** 
Constant  -2.640 (0.145)*** -2.568 (0.147)*** 

Random effect    
Subject  0.650 (0.162)*** 0.645 (0.161)*** 

AIC  9530 9518 

+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

Table 3: Model for maximum deviation from the ideal trajectory between the starting point and the final choice. 

When we look at the changes in MD (Table 3), we find a significant positive main effect of 

trade-off trials compared to dominant trials, and a significant positive main effect of similar 

trials. When we look at the effect sizes, similar trials seem to exert slightly more pull from 

the non-chosen item as measured by MD compared to trade-off trials, but we cannot really 

distinguish between the two based on the associated variances. When we add whether 

participants chose consistent in similar trials and direction of choice as control variables our 

model improves. We find a positive effect of choice consistency, meaning that participants 

experienced more attraction towards the non-chosen item for relatively more difficult trials. 

The effect of direction is significantly negative, meaning that MD was lower when 

participants chose the item in the direction of their dominant hand. 
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4.2.4.2: Area under the curve 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Fixed effects    
Trial type Dominant   
 Trade-off 0.021 (0.013) 0.016 (0.014) 
 Similar 0.016 (0.013) 0.015 (0.013) 
Chose consistent in identical trials (0 = consistent, 1 = inconsistent)  0.018 (0.016) 
Direction of choice (0 = left, 1 = right)  -0.038 (0.010)*** 
Constant  -0.569 (0.038)*** -0.550 (0.038)*** 

Random effect    
Subject  0.046 (0.011)*** 0.046 (0.011)*** 

AIC  602 590 

+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

Table 4: Model for Area under the curve. 

When we investigate the AUC (Table 4) we find no significant effect of trial type. Adding 

choice consistency as a control variable did not give a significant predictor, indicating that 

AUC did not differ between relatively difficult and easy trials. We do find a significant 

negative effect of choice direction, indicating that AUC was lower for participants when they 

chose the option on the right compared to the option on the left.  

4.2.4.3: Dragging time 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Fixed effects    
Trial type Dominant   
 Trade-off 0.139 (0.024)*** 0.120 (0.024)*** 
 Similar 0.166 (0.023)*** 0.153 (0.023)*** 
Chose consistent in identical trials (0 = consistent, 1 = inconsistent)  0.162 (0.029)*** 
Direction of choice (0 = left, 1 = right)  -0.021 (0.017) 
Constant  0.283 (0.063)*** 0.286 (0.064)*** 

Random effect    
Subject  0.125 (0.031)*** 0.128 (0.032)*** 

AIC  3870 3842 

+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

Table 5: Model for log of time spend during the decision process. 

Because of the strong correlation between dragging time, maximum acceleration and 

maximum velocity (Figure 7) we will only consider the dragging time here, as measured by 

the time between the moment the participants first touched the cursor and both choice 

options appeared, and the moment at which the cursor was released on top of either option 

(Table 5). We find a significant positive effect of both trade-off and similar trials compared to 

dominant trials. As a longer dragging time indicates that participants spend more time 

deliberating before reaching a final decision, and thus that the decision difficulty was higher, 

this is in line with earlier finds in mouse-tracking paradigm. When we look at the effect size 

for trial type, we find that the effect of similarity trials is slightly higher than that of trade-off 
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trials. This is in line with the findings from Stillman et al. (2017). When we add choice 

consistency and choice direction as control variables, our model improves. There is a 

significant positive effect of choice consistency, meaning that participants took longer on 

relatively more difficult trials. Direction of choice is non-significant. 

4.2.4.4: Spatial disorder 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Fixed effects    
Trial type Dominant   
 Trade-off 0.140 (0.030)*** 0.119 (0.030)*** 
 Similar 0.170 (0.029)*** 0.150 (0.029)*** 
Chose consistent in identical trials (0 = consistent, 1 = inconsistent)  0.204 (0.033)*** 
Direction of choice (0 = left, 1 = right)  0.059 (0.021)** 
Constant  0.962 (0.062)*** 0.921 (0.064)*** 

Random effect    
Subject  0.117 (0.030)*** 0.119 (0.030)*** 

AIC  12068 12029 

+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

Table 6: Model for trajectory complexity as measured by spatial disorder. 

When we look at the spatial disorder we find that both trade-off trials and similar trials have 

a significant main effect compared to dominant trials. This is in line with mouse-tracking 

paradigm, where a higher spatial disorder indicates attraction from both choice alternatives 

which increases choice difficulty. We find a slightly stronger effect for similar trials compared 

to dominant trials. When we add choice consistency and choice direction as control variables 

our model improves. Choice consistency has a relatively large significant positive effect, 

meaning that for relatively more difficult trials, trajectory complexity was higher compared 

to relatively easier trials. When participants chose in line with their dominant hand (item on 

the right) there is a significant positive effect on spatial disorder, although the effect size is 

relatively small. This means that participants made slightly more midflight corrections when 

they chose in line with their dominant hand.  

4.2.4.5: Discussion of Session 1 

We find that MD, dragging time and spatial disorder do measure some of the variance 

between different types of trial difficulty. All of these measurements increased for trials in 

the trade-off and similar category compared to the dominant trials. Because decision 

difficulty is theorized to be higher for trade-off trials and similarity trials, compared to trials 

where one option dominates (Dshemuchadse et al., 2013; Mischel, 2014), these increases in 

mouse-tracking parameters are in line with previous findings using mouse-tracking paradigm 

and support our first hypothesis. When we look at the effect of choice consistency, we find 
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that choice difficulty as measured by mouse-tracking parameters is higher for inconsistent 

trials compared to trials where participants chose consistent in identical trials. This indicates 

that mouse-tracking parameters differ between relatively more difficult trials and more easy 

trials.  

When we look at the differences between the effect sizes for trade-off and similarity trials, 

we see that dragging time and spatial disorder are slightly higher for similarity trials 

compared to trade-off trials. This is in line with previous findings (Stillman et al., 2017). So 

for the more ambiguous similarity trials, participants showed more deliberation time and 

went back and forth more often between both choice options. This partly supports our 

second hypothesis. 

We also did not find a significant effect for AUC, while this parameters is considered an 

important measurement in mouse-tracking paradigm (Hehman et al., 2015). It has also been 

found in previous research that AUC is sensitive for differences in decision difficulty under 

the classic mouse-tracking paradigm.  For example, Dshemuchadse et al. (2013) found that in 

trials where participants had to choose between a smaller reward sooner or a larger reward 

at a later time, AUC was higher for trials which were close to their personal indifference 

point, compared to choices which were far from the indifference point. This indicates that 

mouse-tracking paradigm could work differently for AUC on a touch-screen device compared 

to the classical mouse-tracking paradigm. 

Besides testing the main hypothesis, we also find a significant effect of choice direction on 

AUC, MD and spatial disorder. The findings for AUC and MD indicate that participants show 

less choice difficulty when they selected the item which was in line with their dominant 

hand. For spatial disorder we found that participants made more midflight corrections when 

they chose in line with their dominant hand, which is against expectations. As AUC, MD and 

spatial disorder all measure the deviations from a direct trajectory, this indicates that 

trajectories are more direct when they are in the direction of the dominant hand. 

We did not find a significant effect of choice direction on dragging time. These two 

combined indicate that the overall deliberation time is not changed due to choice direction, 

only the trajectory itself. One possible explanation of this would be that it is easier for 
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participants to swipe in a more direct line towards their dominant side compared to their 

non-dominant hand side. 

4.3: Session 2 

4.3.1: Data preparation 

Data was prepared similarly to session 1. For one participant, data from session 2 was 

corrupted so this participant had to be excluded. Trials with less than 5 data points were 

excluded from further analysis, as this would indicate that the responses were made by 

clicking on one of the places where the response would appear instead of actually dragging 

the cursor. For one participant, this dropped 83% of trials. This participant was the same 

participant as in session 1 and was excluded from further analysis. For the other participants, 

this was not an issue. This excluded 6% of trials. For 50% of trials in the healthiness logo and 

tastiness logo condition, the direction of the nudge was not recorded due to a coding error. 

Since we cannot make any conclusions about the effect of nudges if we do not know the 

direction they were in, these trials were excluded from further analysis (16%). Since the 

nudging direction of the logos was randomized across trials, trials were still balanced within 

the logo condition. Next, data was prepared as described in session 1. This excluded an 

additional 4% of trials, leaving us with 5 trials and 35 participants. Per participant, we 

retained 13 to 20 trials out of 24, with on average 19 trials per participant (SD = 1). 

4.3.4: Mouse tracking parameters 

Most mouse tracking variables were positively skewed (Appendix D.1). We tried log 

transformations to improve normality. We find an improvement of normality for most 

variables. For AUC, after log transformation our data still shows a leptokurtic peak, but 

normality is improved. (Appendix D.2). Spatial disorder follows a Poisson distribution instead 

of a normal distribution, therefore we will account for this in our models. In the next section, 

the log for MD, AUC, drag time, maximum velocity and maximum acceleration were used. 

For spatial disorder, a poisson distribution function was used. The word “log” is omitted in 

the next section to improve readability. 

From the pairwise correlations between the mouse-tracking parameters for session 2 (Figure 

9) we now find that not all parameters are significantly correlated, in contrast to session 1. 

The correlation between maximum velocity and AUC, and between maximum velocity and 

MD are no longer significantly correlated. This could indicate that the relationship between 



31 
 

these mouse-tracking parameters is changed due to the addition of nudging. However, these 

variables were only weakly correlated (-0.169 and 0.135 respectively) and the slight decrease 

in correlation could have caused the correlation to become insignificant. For AUC, we find a 

strong correlation with MD (positive), and a weak correlation with drag time (positive), 

maximum acceleration (negative) and spatial disorder (positive). For MD, we have a weak 

correlation with drag time (positive), maximum acceleration (negative) and spatial disorder 

(positive). For drag time, there is a strong correlation with maximum velocity (negative), 

maximum acceleration (negative) and a moderate correlation with spatial disorder 

(positive). Maximum velocity has a strong correlation with maximum acceleration (positive) 

and a moderate correlation with spatial disorder (negative). Lastly, maximum acceleration 

has a moderate correlation with spatial disorder (negative). Because of the strong 

correlation between dragging time, maximum velocity and maximum acceleration, we will 

only discuss dragging time in this section. 

 

Figure 9: Correlation matrix between log transformed mouse-tracking parameters in session 1. The upper half shows the 
Pearson’s correlation coefficient. 
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4.3.5: Multilevel analysis of mouse-tracking parameters 

To test hypothesis 3: “mouse-tracking parameters as measured on a touch-screen device can 

differentiate between the effects of nudging directions on choice difficulty”, we will model 

the different mouse-tracking parameters by the interaction between choice consistency in 

identical trials in session 1 (did they choose the same item in identical trials, or did they 

choose a different item in identical trials) and nudging direction (no nudge, nudge against 

final choice, nudge with final choice) using multilevel generalized linear models. Because of 

the limited number of usable trial in our dataset, we will not investigate if there is a different 

effect of nudging for similar or trade-off trials. So we will have a 2 (inconsistent x consistent) 

by 3 (no nudge x nudge against final choice x nudge with final choice) design. A random 

intercept for participant (subject) is added to account for differences between participants. 

Table 7 shows the distribution of trials across the different cells. Because trials were 

randomly assigned to each of the three conditions in session 2 and 50% of trials in the logo 

condition were excluded, we would expect about 40% of inconsistent trials to be in the no 

direction condition (6 to 7% of total trials). However, we only have 3% of total trials after 

outlier exclusion in this condition, indicating that the randomization was unbalanced by 

chance. 

 Nudging direction  

Choice consistency in session 1 No direction Against final choice With final choice Total 

Inconsistent 3% 5% 9% 17% 

Consistent 47% 17% 19% 83% 

Table 7: Distribution of trials by choice consistency in session 1 and nudging direction relative to final choice.  

In the models, the intercept is choice inconsistency in session 1 and no nudging. We expect 

that trials where participants chose inconsistent in session 1 will be more difficult for them 

compared to the trials where they did choose consistent. For more difficult trials, we expect 

a nudge to be more effective compared to trials which are relatively easier. To this end, we 

expect to find a negative interaction effect of choice consistency in session 1 and a nudge 

against final choice, and a negative interaction effect  of choice consistency in session 1 and 

a nudge with final choice for AUC, MD, drag time and spatial disorder. As this would mean 

that the effect of nudging on choice difficulty as measured by mouse-tracking parameters is 

stronger for more difficult trials compared to relatively more easy trials. 
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A separate model will be run for each mouse-tracking parameter investigating the effect of 

whether participants changed their choice between both sessions. For this model, only those 

trials were used where participants chose consistent in session 1, since we cannot tell if the 

nudge was in line with the choice from session 1 or not if participants chose inconsistently in 

identical trials in session 1. The interaction of nudging direction and whether participants 

changed choice between session 1 and session 2 is also researched as for trials where 

participants changed their choice between sessions, a nudge against final choice also means 

that the nudge was in line with the choice made in session 1, and vice versa. Table 8 shows 

the distribution of trials across the different cells. 

 Nudging direction  

Choice consistency between 

session 1 and session 2 

 

No direction 

 

Against final choice 

 

With final choice 

 

Inconsistent 7% 2% 4% 13% 

Consistent 43% 20% 24% 87% 

Table 8: Distribution of trials where participants chose consistent in identical trials in session 1 by choice consistency 
between session 1 and session 2, and nudging direction relative to final choice. 

For readability, we will only show the full models for parameters where we find some 

effects. Else the models will be shown in the related subsections of Appendix D. 

4.3.5.1: Maximum deviation 

 

Figure 10: Maximum deviation estimated marginal means (EMM) and standard error (SE) for each cell in the consistency x 
nudge relative to final decision model over all trials. 

When we investigate the effect of choice consistency in session 1, nudging direction and 

their interactions, we find no significant effect on MD (Appendix D3.1). This gives no 

evidence for our hypothesis that nudging effects influence mouse-tracking parameters on a 

touch-screen device. We do find a barely insignificant main effect of a nudge against final 
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choice, which hints that a nudge against final choice could results in a lower MD. We can see 

a slight lower value for this value in Figure 10. However, as this effect is non-significant, this 

should be further researched in a follow-up study. Adding in MD from session 1 as a control 

variable did not improve our model. 

 

Figure 11: Maximum deviation EMM and SE for each choice consistency between sessions x nudging direction relative to 
final decision interaction cell for trials where participants chose consistent in session 1. 

When we only look at the consistent trials (Figure 11 & Appendix D3.2), we find no 

significant effect of choice consistency between sessions, nudging direction and their 

interaction. Adding the MD of session 1 as a control variable gives a barely insignificant 

effect. 

4.3.5.2: Area under the curve 

 

Figure 12: Area under the curve EMM and SE for each cell in the consistency x nudge relative to final decision model over all 
trials. 
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When we look at AUC, we find no significant effects of choice consistency, nudging direction 

or their interaction. This means that in our sample, we did not find any evidence that 

measures of AUC can measure the presence of a nudging effect. Adding the AUC from 

session 2 improves the model and gives the AUC from session 1 as the only significant 

predictor for the AUC in session 2. This still does not improve the measurement of a nudging 

effect by AUC. We find that the values for AUC were similar across all 6 cells of interest 

(Figure 12). 

 

 

Figure 13: Area under the curve EMM and SE for each choice consistency between sessions x nudging direction relative to 
final decision interaction cell for trials where participants chose consistent in session 1. 

If we only consider the consistent trials from session 1 (Appendix D4.2), we get the results as 

shown in Figure 13. There is no significant effect of choice consistency between sessions, 

nudging direction and their interaction. Again adding the AUC from session 1 as a control 

variable gives a significant predictor.  
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4.3.5.3: Dragging time 

As dragging time, maximum velocity and maximum acceleration are strongly correlated, we will only 

discuss dragging time here. 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Choice consistency session 1 0 = Inconsistent, 1 = 
Consistent 

-0.552 
(0.115)*** 

-0.578 
(0.119)*** 

Nudging direction No nudging   
 Nudge against choice -0.391 

(0.144)** 
-0.441 
(0.145)** 

 Nudge with choice -0.363 
(0.128)** 

-0.399 
(0.130)** 

Choice consistency session 1 * 
Nudging direction 

Consistent * Nudge 
against choice 

0.578 
(0.153)*** 

0.595 
(0.156)*** 

 Consistent * Nudge with 
choice 

0.609 
(0.138)*** 

0.609 
(0.142)*** 

Log Drag time session 1   0.135 (0.062)* 
Constant  1.017 

(0.139)*** 
0.983 
(0.144)*** 

Random effect    
Subject  0.216 

(0.054)*** 
0.193 
(0.02)*** 

AIC  935 927 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

 

 

Table 9: Model for dragging time by choice consistency in identical trials in session 1 (inconsistent x consistent), nudging 
direction (no nudge x nudge against final choice x nudge in line with final choice) and their interaction. The bottom figure 
shows the EMM and SE for each interaction cell. 

When we look at dragging time, we find a negative main effect of choice consistency on 

dragging time, which means that participants were quicker in their decision process for the 

relative easier trials compared to the harder trials. We also have a significant negative main 

effect for a nudge against final choice, and for a nudge in line with final choice, compared to 



37 
 

the no nudge condition. This means that the presence of a nudging trial decreases dragging 

time. However, since we also have a significant interaction effect, we cannot interpret the 

main effects without considering the interaction effects. 

When we look at the interaction effect, we find a significant positive effect for a nudge 

against final choice and a significant positive effect for a nudge with final choice. This means 

that the presence of a nudge results in a longer dragging time for consistent trials compared 

to inconsistent trials. The effect sizes for both nudging directions only differ very slightly, 

with a nudge with choice resulting in a somewhat larger dragging time. If we combine the 

interaction effects with the main effects for choice consistency and nudging direction (Table 

9) we find that for inconsistent trials, the presence of a nudge in either direction decreases 

dragging time, while for consistent trials the dragging time increases with the presence of a 

nudge in either direction. 

  Coefficient (Std. Error) 
Predictors Model 1 Model 2 

Changed choice between sessions (0 = no, 1 = yes) 0.182 (0.077)* 0.171 (0.077)* 
Nudging direction No nudging   
 Nudge against 

choice 
0.229 (0.054)*** 0.185 (0.057)*** 

 Nudge with choice 0.172 (0.054)** 0.123 (0.057)* 
Changed choice between sessions 
* Nudging direction 

Yes * Against -0.212 (0.151) -0.222 (0.151) 

 Yes * With 0.283 (0.126)* 0.270 (0.126)* 
Log Drag time session 1   0.190 (0.071)** 
Constant  0.433 (0.090)*** 0.351 (0.088)*** 

Random effect    
Subject  0.240 (0.062)*** 0.194 (0.054)*** 

AIC  750 745 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 
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Table 10: Model for dragging time for only those trials in session 1 where participants chose the same option in identical 
trials. The bottom figure shows the EMM and SE for each interaction cell. 

When we investigate the effect of whether a participant changed their choice between 

session 1 and session 2 (Table 10), we find a significant positive main effect on dragging 

time. We also find a significant positive main effect of nudging direction (both for a nudge 

against and a nudge with final choice). If we look at the interaction effect, we find a 

significant positive effect of a choice change and a nudge with final decision. This means that 

the effect of a nudge with final choice was higher for trials where participants changed 

decision between trials compared to trials where participants did not. In other words, if they 

were nudged against their decision in session 1, and also chose in line with the nudge, this is 

reflected in an increased dragging time. When we add the dragging time of session 1 as a 

control variable, our model improves and we find that the main effect of nudge with choice 

now becomes barely insignificant.  When we combine the main effects with the interaction 

effects, we find that for the consistent trials from session 1, if participants did not change 

their choice between sessions, the presence of a nudge increases dragging time, with a 

nudge against final choice having a larger effect that a nudge in line with final choice.  

For trials where participants changed their choice between sessions, a nudge against final 

choice also means that the nudge was in line with the choice made in session 1, and vice 

versa. For these trials, a nudge against final choice in session 2 (and thus in line with the 

choice in session 1) drag time decreases slightly, while for trials where the nudge was in line 

with final choice (and thus against the choice in session 1), dragging time increases. 
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4.3.5.4: Spatial disorder 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Choice consistency session 1 0 = Inconsistent, 1 = 
Consistent 

-0.821 
(0.109)*** 

-0.793 
(0.109)*** 

Nudging direction No nudging   
 Nudge against choice -0.732 

(0.144)*** 
-0.774 
(0.145)*** 

 Nudge with choice -0.615 
(0.126)*** 

-0.621 
(0.126)*** 

Choice consistency session 1 * 
Nudging direction 

Consistent * Nudge 
against choice 

0.900 
(0.157)*** 

0.905 
(0.157)*** 

 Consistent * Nudge with 
choice 

0.901 
(0.139)*** 

0.874 
(0.140)*** 

Spatial disorder session 1   0.036 
(0.011)*** 

Constant  1.772 
(0.131)*** 

1.645 
(0.133)*** 

Random effect    
Subject  0.223 

(0.060)*** 
0.188 
(0.053)*** 

AIC  2820 2811 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

 

Table 11: Model for spatial disorder by choice consistency in identical trials in session 1 (inconsistent x consistent), nudging 
direction (no nudge x nudge against final choice x nudge in line with final choice) and their interaction. The bottom figure 
shows the EMM and SE for each interaction cell. 

When we look at spatial disorder (Table 11), we again find that choice consistency, nudging 

direction and its interactions are all significant. We find a negative main effect of choice 

consistency, meaning that participants had fewer directional changes during the decision 

process for easier trials. We also find a negative main effect of nudge against final choice and 

a negative effect of nudge with final choice. This means that participants made less changes 

in dragging direction when there was a nudge at all. When we look at the interaction effect 
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between, we find a significant positive effect for a nudge against final choice and a 

significant positive effect for a nudge with final choice. This means that the presence of a 

nudge results in a higher spatial disorder for consistent trials compared to inconsistent trials. 

If we add the spatial disorder from session 1 as a control variable, the model improves 

slightly. However this effect is only small relative to the other predictors. When we combine 

the main effects with the interaction effect (Table 11 bottom), we find that for inconsistent 

trials spatial disorder is much lower when there is a nudge. For consistent trials, the 

presence of a nudge increases the spatial disorder only slightly. We cannot distinguish 

between the directions of the nudge. 

  Coefficient (Std. Error) 
Predictors Model 1 Model 2 

Changed choice between sessions (0 = no, 1 = yes) 0.095 (0.096) 0.095 (0.095) 
Nudging direction No nudging   
 Nudge against 

choice 
0.217 (0.067)*** 0.195 (0.068)** 

 Nudge with choice 0.209 (0.067)** 0.189 (0.068)** 
Changed choice between sessions * 
Nudging direction 

Yes * Against -0.370 (0.217)+ -0.371 (0.217)+ 

 Yes * With 0.287 (0.145)* 0.288 (0.145)* 
Spatial disorder session 1   0.022 (0.012)+ 
Constant  0.949 (0.087)*** 0.889 

(0.091)*** 

Random effect    
Subject  0.195 (0.055) 0.178 (0.051) 

AIC  2291 2290 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

 

 

Table 12: Model for spatial disorder for only those trials in session 1 where participants chose the same option in identical 
trials. The bottom figure shows the EMM and SE for each interaction cell. 
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When we only consider the consistent trials, we get the model as show in Table 12. There is 

no significant effect of whether a participant changed their choice between session 1 and 

session 2 on spatial disorder. We do find a significant positive main effect of a nudge against 

final choice. When we look at the interaction effect, we find a significant positive effect of a 

choice change and a nudge with final decision. This means that the effect of a nudge with 

final choice was higher for trials where participants changed decision between trials 

compared to trials where participants did not. In other words, if they were nudged against 

their decision in session 1, and also chose in line with the nudge, this is reflected in an 

increased spatial disorder. Adding the spatial disorder from session 1 as a control variable 

was not significant and did not improve our model. 

4.3.5.5: Discussion of Session 2 

We hypothesized that we can use mouse-tracking parameters to measure some of the 

change in choice difficulty induced by nudging participants to either choice. We found 

support for this hypothesis for dragging time and spatial-disorder, both being able to 

measure a difference between relatively more difficult and relatively easier trials. We did not 

find support that AUC and MD as measured on a touch-screen device are sensitive to the 

effects of nudging on choice difficulty. 

However, the effects found in session 2 could also have been an artifact cause by a sample 

size problem. Because of the small sample in the intercept cell of the model (difficult trial 

and no nudging relative to final decision, only 3% of total trials), a few extreme values could 

artificially inflate the significance of the coefficients. When we look at the distribution of the 

difficult trials for the mouse-tracking parameters by nudging direction (Figure 14 right) we 

indeed see that there are some extreme values which could cause inflated effect 

significance. Based on the mouse-tracking paradigm, we would expect to find a different 

effect for a nudge against final choice and a nudge with final choice, as the former is 

expected to increase choice difficulty, while the latter is expected to decreases choice 

difficulty. However, in our results for difficult trials the effects on dragging time (nudge 

against final choice: b = -0.391, SE = 0.144, p <0.001; nudge with final choice: b = -0.363, SE = 

0.128, p <0.01)  and on spatial disorder (nudge against final choice: b = -0.732, SE = 0.144, p 

<0.001; nudge with final choice: b = -0.615, SE = 0.126, p <0.001) are very similar for both 

nudging directions. 
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Figure 14: Distribution of area under the curve and maximum deviation (left) and spatial disorder and dragging time (right) 
by no nudge condition (black), nudge against final choice (red) and nudge in line with final choice (green). The upper images 
shows the trials where participants chose inconsistent in session 1, and the lower images show the trials where participants 
chose consistent in session 1. 

When we only accounted for the trials in session 1 where participants chose consistent in 

identical trials, we find that dragging time and spatial disorder were sensitive to the relation 

of nudging compared to their choice in session 1 and session 2. A large effect was found for 

both parameters for the trials where participants chose differently from their first decision, 

but in line with the nudge (inconsistent x nudge with final choice). Participants spend more 

time to reach a final decision and their mouse-trajectory showed much more moving back 

and forth between both options. This is in line with expectations, as participants were 

nudged against their prior choice, and changed their final decision. However, since dragging 

time and spatial disorder were sensitive to the inconsistent x nudge with final choice 

combination, we would have also expected them to be sensitive to the inconsistent x nudge 

against final choice interaction. It could be that we suffer from the same sample size 

problem as described above. When we look at the distribution (Table 7) we find that the 

distribution between cells is again not even between consistencies. Because the inconsistent 
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x nudge against final choice cell only holds 2% of trials, it would be hard to show a significant 

effect here. 
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Chapter 5: General discussion 
In this study, we proposed that we can use mouse-tracking paradigm on a touch-screen 

device to measure choice difficulty in a binary food decision task, and that it can 

meaningfully differentiate between the effects of external nudges on the decision processes. 

Our results from session 1 showed that MD, dragging time and spatial disorder are sensitive 

to differences in decision difficulty, which partly supports our hypothesis that mouse-

tracking parameters are sensitive to choice difficulty on a touch-screen device. The direction 

of the results were also in line with existing mouse-tracking paradigm, where an increase in 

MD, dragging time and spatial disorder indicates an increase in decision difficulty (Hehman 

et al., 2015). However, we did not find an effect of decision difficulty on AUC while this 

parameter is an important measurement in classic mouse-tracking paradigm. Because AUC is 

a measurement of overall mouse-trajectory, this could indicate that overall trajectories are 

not a good predictor of choice difficulty on a touch-screen device. Because AUC and MD are 

normally highly correlated under a constrained relationship, we would expect both to be 

sensitive to decision difficulty. However, abrupt deviations in mouse-trajectory can result in 

a high MD but still small AUC. The lack of found sensitivity of AUC as a measure for decision 

difficulty on a touch-screen device could also be caused by a possible difference in the ease 

of which the trajectory is made from on a touch-screen device compared to a computer 

mouse. It could be that it is easier to drag in a straight line when swiping across a screen, 

compared to using a computer mouse. 

When we compare the AUC and most importantly the variation we find in our experiment to 

the experiment of Stillman et al. (2017) , we find that the variation in our experiment (M = 

0.58, SD = 0.18) is much lower than that in the experiment of Stillman et al. (2017)  (between 

self-control and comparison trials: self-control trials: M = 0.96, SD = 1.29; comparison trials: 

M = 0.67, SD = 1.08; between self-control and similarity trials: self-control trials: M = 0.97, SD 

= 1.35; similarity trials: M = 1.16, SD = 1.54). This gives us a hint that there is a difference in 

curvature between traditional mouse trials and touch-screen trials. These findings indicate 

that mouse-tracking paradigm is usable on touch-screen devices, but that it might not be 

translatable to touch-screen devices 1 to 1. The usefulness of AUC as a measurement of 

decision difficulty might not be present in contrast to the classic mouse-tracking paradigm, 

which could be caused by specific characteristics of dragging a cursor using touch-screen 
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compared to a computer mouse. Our data showed a leptokurtic peak in both session 1 and 

session 2, indicating that the majority of trials are clustered around the same (low) AUC. This 

again strengthens the notion that trajectories are made in a more direct manner in our 

experiment. Future research should investigate the way AUC is affected differently on touch-

screen devices compared to classical mouse-tracking experiments to get a better 

understanding of the differences in mechanisms.  

The notion that mouse-tracking parameters differ on touch-screen devices compared to the 

classical mouse-tracking paradigm is also evident in the effect of choice direction on mouse-

tracking parameters found. For AUC and MD, we found an effect of choice direction where 

these trajectory parameters were lower if participants chose in line with their dominant 

hand. This indicates that the trajectories were more direct for these trials. These findings are 

not mentioned in prior mouse-tracking literature using the classical setup of a computer-

mouse and should be investigated further to get a better understanding in the effect of 

putting options on either the dominant hand side or not. To research the effect of 

handedness and choice direction on touch screen devices, a mixed sample of left-handed 

and right-handed subjects could be compared. Based on the findings in this report, it could 

be that location effect is stronger on touch-screen devices due to the difference between 

the indirect coordination and translation between motor movement of the hand and the 

resulting cursor movements on the screen through a computer mouse, and the direct 

translation between motor movement and cursor movement when using a touch-screen 

device (Norman, 2017). 

We found that MD, dragging time and spatial disorder were sensitive to the difference 

between decisions low in decision difficulty (dominant trials) and high in decision difficulty 

(trade-off and similar trials) in a similar manner to classic mouse-tracking paradigm. We also 

found that dragging time and spatial disorder were slightly higher for similarity trials 

compared to trade-off trials. Indicating that we can use mouse-tracking paradigm to 

differentiate between relatively easy and relatively difficult decisions, and also identify the 

type of decision difficulty.  

Our results from session 2 suggest that dragging time and spatial disorder as measured by 

mouse-tracking on a touch screen device are sensitive to external cues on decision difficulty 

in difficult tasks. On the other hand, as we had very few trials in the intercept of the models, 
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we cannot be certain that these significant results are not the result of an artefact. To 

control for this, a new study would need to be conducted where the trials are more evenly 

distributed amongst all consistency x nudging direction cells to research if our findings are 

indeed valid or the result of an artefact. If we do assume that the results we found were not 

caused by an artefact, this would imply that dragging time and spatial disorder can be used 

as a measure to gain more insight into the effects of nudging in general on the decision 

process. However, in our results both measures were not able to distinguish between a 

nudge in line with final choice or against final choice. Our results do imply that in relatively 

more difficult trials (as measured by trials in session 1 where participants chose 

inconsistently in identical trials), the presence of a nudge in either direction lowers dragging 

time while it is increased for relatively easy trials. It could be that the social information 

added by the nudge adds in an additional attribute in favor of one of the options which 

factors in the decision process. It could also be that the social information changed the 

relative weighting of the healthiness and tastiness attributes. It could also be that the 

threshold for the decision process is lower for decisions with no clear choice preference 

(inconsistent trials), which would theoretically work for trials which are similar on relevant 

attributes, but not for decisions which have a trade-off conflict. A better understanding of 

the mechanism underlying the computational models is needed to distinguish this further. 

We also found that dragging time was much higher when participants were successfully 

nudged away from their prior choice compared to the other consistency x nudging cells as 

shown in Table 10. This implies that decision difficulty increases when one is successfully 

nudged away from their prior choice, which is in line with expectations. Although we do not 

know which specific mechanisms underlie the difference in dragging time, these results 

suggest that dragging time as measured by mouse-tracking could be used in measurements 

of nudging efficiency.  

For spatial disorder, we found that for relatively difficult (inconsistent) decisions, the 

presence of a nudge greatly decreases the fluctuation between choice directions. When we 

only looked at the difference between decisions where participants changed decisions 

between sessions, we found that spatial disorder was much higher when participants were 

successfully nudged away from their prior choice. This further strengthens the notion that 



47 
 

mouse-tracking parameters as measured on touch-screen devices can be used to gain 

additional insight into the effect of nudges. 

Combined these two findings can be interpreted as following. That adding an external nudge 

to a decision process is useful for difficult decisions, as it decreased decision difficulty. 

However, for relatively more easy decisions, adding in a nudge should be avoided, as it 

increases the decision difficulty. When we were successful in nudging someone away from 

their prior choice, we found that dragging time and maximum deviation greatly increased, 

reflecting the difficulty to affect ones decision process. These findings show that mouse-

tracking paradigm as used on a touch-screen device could be used to widen our 

understanding of external cues on the decision process. 

A limitation to the findings here is that we used choice consistency in identical trials in 

session 1 as a distinction between relatively more difficult and relatively easier decisions. 

However, as we only had two measurements for each choice combination, this is not a 

strong measure for choice consistency. In future research concerning mouse-tracking on 

touch screen devices, this dimension should be explored more to investigate the robustness 

of the findings in this report. 

Another possible limitation of our study is that we chose our stimuli from a larger database, 

and based our predictions for healthiness and tastiness evaluations on the findings of the 

creators of those databases. However, evaluations of healthiness and especially tastiness are 

very subjective to personal preferences. When we compare the self-reported ratings for 

healthiness and tastiness in our experiment with those from the database (Appendix B), we 

find that most ratings are similar. Only for sushi (healthiness rating 5.14 versus 2.95 in the 

original experiment) and for pear (healthiness rating 6.47 versus 2.40 in the original 

experiment) is the healthiness rating is much higher in our experiment. This causes the 

stimuli used to become imbalanced in terms of stimuli where perceived tastiness was 

stronger compared to perceived healthiness (6 stimuli which were considered more tasty 

and 4 stimuli which were considered healthier). To get an evenly distributed range of 

healthiness and tastiness combinations, it would be better to have a first session where 

participants report on a wide variety of food items, and select the actual experimental set 

based on individuals’ ratings, for example as done by Sullivan et al. (2015). However this 
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does come with the downside that it would greatly increase the time the experiment takes, 

thus one should weigh the benefits against the added time-constraint.  
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Chapter 6: Conclusion 
Our intentions in this report were twofold. Firstly, we investigated if classic mouse-tracking 

paradigm could be used on touch-screen devices to measure decision difficulty. We found 

that MD, dragging time and spatial disorder were sensitive to the presence of choice 

difficulty, with effects being in line with prior mouse-tracking research. Moreover, we found 

that dragging time and spatial disorder were higher for similarity decisions compared to 

trade-off decisions. We also found that choice direction has a significant effect on trajectory 

parameters, indicating a location effect which was not reported in prior mouse-tracking 

literature. Secondly, we investigated if mouse-tracking paradigm can capture part of the 

effects of external nudging on decision difficulty. The findings in this report indicate that 

dragging time and spatial disorder can capture at least some variation in decision difficulty 

on touch-screen devices. However, we cannot be sure that these findings were not the result 

of an artefact and as such these results can be used as a promising basis for future research, 

but are inconclusive on their own. 

Only present as static text due to APA 6th edition mismatch with word automatic reference 

function. So added here as white text filler to properly show up in reference list (Rachuri, et 

al., 2010; Schneider, et al., 2015)  
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Appendix 

A: Preliminary study 
Li, Willemsen, Zhang and Genugten (2016) already investigated the possibility to use mouse-

tracking paradigm on touch-screen devices , but their research focused on measuring 

attitudes rather than choices (and their underlying trade-offs). They investigated if it is 

possible to use mouse-tracking paradigm on touch screen devices and to use those 

parameters to validate a relation between attitude, emotion and pros/cons. In their study, 

participants were asked to judge health related items (e.g. apple) on three task dimensions; 

how good (good – bad), how enjoyable (enjoyable – unenjoyable) and how valuable 

(valuable – worthless) they are using a 6-points scale ranging from -3 (left most item was 

strongly preferred) to 3 (rightmost item was strongly preferred) without a neutral 0 option 

(comparison trials) and by dragging a cursor from the center bottom of the screen towards 

the answer (mouse-tracking trials). The ground truth for choice intensity was derived from 

the rating scale as high intensity (either -3 or 3 on the comparison trials), medium intensity 

(either -2 or 2 on the comparison trials) or low intensity (either -1 or 1 on the comparison 

trials) (see paper by Li et al. (2016) for a detailed description of the experiment). The focus of 

this research was to validate the COMBI model using mouse-tracking paradigm on a touch 

screen device. 

We first started by reanalyzing the original models from the experiment in Stata. Since we 

were interested in actual choice, and not attitude strength, we performed additional analysis 

on the available data by combining the COMBI data and the relative measurements. Since 

COMBI measurements were only gathered for the items “walk”, “desk”, “water” and “soda” 

we could only use the items “desk vs walk” and “soda vs water” from the relative 

measurements. To avoid multicollinearity, the correlation of the mouse-tracking parameters 

were calculated and parameters with high correlations were omitted (Figure 15).  

 Low Middle High 

Better 3 (1%) 22 (11%) 44 (21%) 

Enjoyable 15 (7%) 20 (10%) 31 (15%) 

Valuable 7 (3%) 27 (13%) 39 (19%) 

Table 13: Distribution of trials by choice intensity and experimental condition in the relative condition. 
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Figure 15: Correlation matrix between mouse-tracking parameters in the preliminary study. The upper half shows the 
Pearson’s correlation coefficient. 

Because of this, only Log MD and log maximum acceleration were included in the final model 

(Table 14) 

Predictors Coefficient (Std. Error) 
Intensity Model 1 Model 2 

Fixed effect   
Maximum deviation 0.041 (0.079) 0.083 (0.085) 
Maximum acceleration -0.124 (0.214)  -0.108 (0.224) 
Emotion arousal  -0.013 (0.069) 
Emotion pleasure  0.207 (0.111)+ 

Random effect   
Subject 1.194 (0.554)*** 1.353 (0.647)*** 
Subject*Item 0.443 (0.348)*** 0.561 (0.415)*** 

AIC 368 367 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

Table 14: Final model for the effects of mouse-tracking parameters on choice intensity. 

Multilevel modelling was used to predict choice intensity which was measured as described 

earlier, and data was clustered within participants (subject random effect), and within 

participants, it was clustered within task dimensions (subject*item random effect). We 

found no significant effect of log MD (b = 0.041, 95% confidence interval (CI) = [-0.113, 
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0.195], SE = 0.079, p = 0.605) nor for log maximum acceleration (b = -0.124, CI = [-0.544, 

0.296], SE = 0.214, p =0.562). Adding the additional measures of interest, arousal and 

pleasure scores, to the model very slightly improve the model (AIC decrease by 1) and gave a 

barely insignificant positive effect for pleasure score (b = 0.207, CI = [-0.011, 0.426], SE = 

0.111, p =0.063). Our model was somewhat successful at predicting middle (84% correct) 

and high (81% correct) choice intensity, but was very bad at low choice intensity (32% 

correct). However, there were some limitations which could have influenced results.  

The first being that participants were not asked to make an actual choice, but rather to rate 

their attitude towards the options since this was the scope of the experiment. Although 

attitude towards an object gives an indication of the likelihood that an item will be chosen, 

preferring one item in terms of either goodness, how enjoyable or how valuable it is, is not 

the same as also choosing that item when a decision has to be made. Since we are interested 

in decision conflict we will ask participants to make actual choices. 

Secondly, in the original experiment, subjects were shown the response items before they 

started moving the cursor. This could cause the actual decision process to be completed 

before participants start moving the mouse. When we compare the offset between the total 

reaction time (M = 6.28, SD = 3.68) per trial with the time spend dragging the cursor (M = 

1.33, SD = 1.52), we see that the mean offset = 4.95 (SD = 3.97) is a lot higher than the actual 

time spent dragging the cursor, which indicates that this was indeed the case. In our 

experiment, the stimuli would only be shown once participants touched the cursor. By doing 

so, dragging time reflects the full decision process, independent of the time participants took 

before starting to move the cursor. 
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B: Stimuli used 
Stimuli set and ratings for perceived healthiness and tastiness based on prior research and current 

research. 

Name Picture Healthiness rating 
from Standardized 
Food Image database 
(Charbonnier et al., 
2016) 

Tastiness rating 
from Food Pics 
database (Blechert 
et al., 2014) 

Healthiness 
rating  
(and SD) in 
current 
experiment 

Tastiness 
rating (and 
SD) in 
current 
experiment 

Sushi 

 

5.21 2.95 4.61 
(1.25) 

5.14 
(1.78) 

Potato crisps 
natural 

 

1.56 4.99 1.72 
(0.85) 

5.53 
(0.97) 

Banana 

 

6.60 4.79 6.33 
(0.72) 

5.39 
(1.10) 

Pear 

 

6.07 2.40 6.47 
(0.56) 

5.28 
(1.26) 

Radish 

 

5.83 3.68 6.22 
(1.02) 

4.03 
(1.63) 

Red bell pepper 

 

6.46 4.23 6.31 
(0.89) 

5.44 
(1.38) 

Glazed donuts 

 

0.78 4.27 1.50 
(0.88) 

5.06 
(1.82) 

Mars 

 

1.43 4.26 1.69 
(0.92) 

4.92 
(1.86) 

French fries with 
sauce 

 

1.73 5.06 1.81 
(0.86) 

5.78 
(0.96) 

Kinderbueno 

 

1.56 4.32 1.86 
(1.33) 

5.47 
(1.76) 

 

  



57 
 

C: Results session 1 

C.1 Distribution of mouse-tracking variables session 1. 
From top left to bottom right: Maximum acceleration, area under the curve, drag time, maximum 

deviation, spatial disorder, maximum velocity. 

 

 

C.2: Distribution of mouse-tracking variables after log transforming. 
From top left to bottom right: maximum acceleration, area under the curve, drag time, maximum 

deviation, maximum velocity. 
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D: Results session 2 

D.1 Distribution of mouse-tracking variables. 
Distribution of mouse-tracking variables for session 2 (left) and the average value per participant for 

identical trials in session 1 (right). 

 

D.2: Distribution of log-transformed mouse-tracking variables. 
Distribution of log transformed mouse-tracking variables for session 2 (left) and the average value per 

participant for identical trials in session 1 (right) 

 

Maximum acceleration Area under the curve 

Drag time Maximum deviation 

Spatial disorder Maximum velocity 

Maximum acceleration Area under the curve 

Drag time Maximum deviation 

Maximum velocity 
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D3.1: Session 2 – Maximum deviation for all trials 
Model for maximum deviation by choice consistency in identical trials in session 1 (inconsistent x 

consistent), nudging direction (no nudge x nudge against final choice x nudge in line with final choice) 

and their interaction. 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Choice consistency session 1 0 = Inconsistent, 1 = 
Consistent 

-0.129 (0.342) -0.116 (0.351) 

Nudging direction No nudging   
 Nudge against choice -0.737 

(0.426)+ 
-0.740 
(0.434)+ 

 Nudge with choice -0.031 (0.380) -0.037 (0.388) 
Choice consistency session 1 * 
Nudging direction 

Consistent * Nudge 
against choice 

0.723 (0.455) 0.701 (0.462) 

 Consistent * Nudge with 
choice 

0.154 (0.410) 0.132 (0.418) 

Log Maximum deviation session 1   0.064 (0.063) 
Constant  -2.781 

(0.359)*** 
-2.660 
(0.385)*** 

Random effect    
Subject  0.638 

(0.183)*** 
0.586 
(0.175)*** 

AIC  2258 2257 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

D3.2: Session 2 – Maximum deviation for relatively easy trials 
Model for dragging time for only those trials in session 1 where participants chose the same option in 

identical trials. 

  Coefficient (Std. Error) 
Predictors Model 1 Model 2 

Changed choice between sessions (0 = no, 1 = yes) 0.205 (0.233) 0.188 (0.233) 
Nudging direction No nudging   
 Nudge against 

choice 
0.073 (0.167) 0.025 (0.169) 

 Nudge with 
choice 

-0.015 (0.165) -0.059 (0.167) 

Changed choice between sessions 
* Nudging direction 

Yes * Against -0.517 (0.461) -0529 (0.461) 

 Yes * With 0.553 (0.384) 0.515 (0.385) 
Log Drag time session 1   0.123 (0.071)+ 
Constant  -2.946 (0.163)*** -2.685 (0.216)*** 

Random effect    
Subject  0.622 (0.182)*** 0.535 (0.167)*** 

AIC  1886 1884 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 
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D4.1: Session 2 – Area under the curve for all trials 
Model for area under the curve by choice consistency in identical trials in session 1 (inconsistent x 

consistent), nudging direction (no nudge x nudge against final choice x nudge in line with final choice) 

and their interaction. 

  Coefficient (Std. Error) 
Predictors  Model 1 Model 2 

Choice consistency session 1 0 = Inconsistent, 1 = 
Consistent 

-0.023 (0.057) -0.021 (0.059) 

Nudging direction No nudging   
 Nudge against choice -0.070 (0.071) -0.059 (0.073) 
 Nudge with choice -0.008 (0.064) 0.004 (0.065) 
Choice consistency session 1 * 
Nudging direction 

Consistent * Nudge 
against choice 

0.062 (0.076) 0.055 (0.077) 

 Consistent * Nudge with 
choice 

0.009 (0.069) -0.009 (0.070) 

Log AUC session 1   0.135 
(0.042)*** 

Constant  -0.560  
(0.060)*** 

-0.491 
(0.063)*** 

Random effect    
Subject  0.015 

(0.005)*** 
0.013 
(0.004)*** 

AIC  28 21 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 

D4.2: Session 2 – Area under the curve for relatively easy trials. 
Model for spatial disorder for only those trials in session 1 where participants chose the same option 

in identical trials. 

  Coefficient (Std. Error) 
Predictors Model 1 Model 2 

Changed choice between sessions (0 = no, 1 = yes) 0.058 (0.038) 0.052 (0.038) 
Nudging direction No nudging   
 Nudge against 

choice 
0.007 (0.027) 0.009 (0.027) 

 Nudge with choice -0.021 (0.027) -0.026 (0.027) 
Changed choice between sessions * 
Nudging direction 

Yes * Against -0.088 (0.076) -0.078 (0.076) 

 Yes * With 0.073 (0.063) 0.069 (0.063) 
Log Area Under the Curve session 1   0.149 

(0.046)*** 
Constant  -0.592 

(0.024)*** 
-0.513 
(0.033)*** 

Random effect    
Subject  0.013 (0.003)*** 0.010 

(0.003)*** 

AIC  -11 -18 
+.Correlation is significant at the 0.10 level (2-tailed), *.0.05 level, **.0.01 level, ***.0.001 level 
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E: Questionnaire  
Demographic 

1) Age: years old 

2) Gender: male/female 

3) Length: cm 

4) Weight: kg 

Healthy eating goal 

5) To what extend do you have the goal to eat healthy: 1 “not at all” – 7 “very much” 

Hunger 

6) How hungry do you feel at this moment: 1 “not at all” – 7 “very much” 

Allergies 

7) Are you currently on a diet: open question  

8) Do you have any food related allergies: open question 

F: Brief Self-Control Scale 
1. I am good at resisting temptation. 

2. I have a hard time breaking bad habits.* 

3. I am lazy.* 

4. I say inappropriate things.* 

5. I do certain things that are bad for me, if they are fun.* 

6. I refuse things that are bad for me. 

7. I wish I had more self-discipline. 

8. People would say that I have iron self-discipline. 

9. Pleasure and fun sometimes keep me from getting work done.* 

10. I have trouble concentrating* 

11. I am able to work effectively toward long-term goals. 

12. Sometimes I can’t stop myself from doing something, even if I know it is wrong.* 

13. I often act without thinking through all the alternatives.* 

* Item score is reversed. 

 


