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Abstract 

Research shows that there is a significant effect of the presence of nature in one’s environment on 
their stress levels. However, most of the previous literature has been conducted within 
laboratories or with virtual nature and therefore, does not accurately reflect real life situations. 
The use of Ecological Momentary Assessment (EMA) has greatly improved the ecological validity 
of these types of studies by repeatedly sampling participants in their natural environments. 
However, there are still limitations caused by high burden of the repeated assessments and the 
reliance of EMA on self-report. Data collected via self-report has proved to be unreliable and 
threatens the validity of EMA assessment methods. The recent development in personal sensing 
technologies, for example location tracking and browser history, has greatly reduced the reliance 
of EMA on self-report. However, there has been very little research within the domain of using 
image data to eliminate the need for self-report. Due to recent improvements in the capabilities 
of Convolutional Neural Networks, using object detection in images is becoming more feasible. 
This study uses a longitudinal EMA study design to investigate the differences between subjective 
self-report and objective object detection data when quantifying the presence of certain natural 
elements within a specified view. Hierarchical Linear Models were used to analyze the data due 
to its nested structure. A significant difference was found (B ± SE: 1.072 ± 0.055, p < .000) with 
self-report resulting in higher scores for the presence of natural elements than object detection 
data. The effects of burden and element type on these differences were addressed, with no 
significant effects found. And finally, the abilities of these 2 methods to predict stress were 
compared, with the object detection model resulting in a better overall fit (R2c = 0.41) than the 
self-report model (R2c = 0.39). Due to the educational nature of this study, a lot of limitations 
were faced and therefore the results are not concrete enough to generalize to the wider population. 
However, in a field with little previous literature, this paper provides some promising first results 
for future work to build upon. 
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1. Introduction 

Environmental stressors such as noise, pollution, crowding, traffic congestion, and air 
pollution have been known to have negative impacts on mental health (Evans & Stecker, 2004). 
These stressors are most commonly associated with urban environments, whereas natural 
environments offer more peaceful and calming characteristics. Therefore, it is no surprise that 
evidence points toward the positive role nature plays on mental wellbeing, providing several 
psychological benefits. Among these psychological benefits is stress recovery and stress 
prevention. Ulrich et al. (1991) explored the recovery from stress of 120 subjects. These subjects 
first viewed a stressful movie and then were exposed to either natural or urban environments via 
the screening of videotapes. The results showed that recovery was faster and more complete when 
subjects were exposed to the natural rather than the urban environments. Another study by Ulrich 
(1979) found that stressed individuals feel significantly better after exposure to nature scenes 
rather than to urban scenes. The exposure to these scenes was done via image slides and it was 
noted in this study that the urban scenes used were relatively aesthetic, whereas the natural scenes 
were ‘scruffy’ and relatively un-aesthetic, therefore, favouring the urban environments. The 
individuals exposed to the natural scenes still however, experienced significantly reduced fear 
arousal. According to psychological theories, a reduction in arousal produces pleasurable feelings 
if an individual is experiencing stress (Blizek & Berlyne, 1973). Valtchanov et al. (2010) have built 
upon this research and discovered that the positive impacts on mental wellbeing of nature are also 
present when the exposure is to computer-generated or virtual nature settings.  

Many of these studies have been performed within a laboratory setting, exposing the subjects 
to ‘surrogate’ nature, i.e., pictures, videos, or virtual reality. This means that the studies do not 
accurately reflect an individual’s daily exposure to stressors, nor the environments that they 
experience in a dynamic and natural context. The purpose of experiments is to make inferences 
to other — usually non-experimental — situations, it is therefore essential that the experimental 
situation adequately reflects the process under investigation (Orne & Holland, 1968). In this case, 
the best solution would be to examine the individuals’ stress and environmental exposure in a 
natural context.  

Ecological Momentary Assessment (EMA) does just this and has become a popular method 
within the domain of clinical psychology to evaluate mental states where subtle, dynamic changes 
within everyday environments are of utmost importance. Due to its ability to capture data in situ, 
this method has been applied in this domain before. For example, Beute & de Kort (2018) used 
EMA to explore how everyday encounters with nature influences affect and stress levels, 
emphasising the importance of our everyday environment on mental wellbeing.  
 
1.1. Ecological Momentary Assessment 
 

Ecological momentary assessment is a repetitive sampling method that assesses 
participants’ current experiences and behaviours in real-time and within their natural 
environments (Burke et al., 2017). These assessments are made using short questionnaires or 
surveys that are prompted to participants for completion randomly, at fixed intervals, voluntarily, 
or based on specific events. This results in rich and complex data giving a comprehensive overview 
of the dynamic changes that occur in everyday life (Shiffman et al., 2008). As a result of these 
characteristics, EMA boasts the advantage of higher ecological validity than traditional laboratory 
assessments. EMA also achieves lower levels of recall bias, as in traditional assessments the 
participant is required to report on experiences or behaviours that occurred days, weeks or even 
months prior to the assessment. In EMA studies, the time between experiences of interest and 
assessments is greatly reduced, and therefore, the memories of the experience are more easily 
retrieved. EMA studies are typically long-lasting and can be administered via paper or electronic 
means. In addition to convenience, it has also been proven that participants show a preference for 
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electronic questionnaires. This is evident in a study by Jamison et al. (2001) where participants 
involved in a 1-year study preferred electronic assessment methods over paper methods. In 
addition to this, there was also a higher response rate with the electronic (89.9%) versus the paper 
assessment (55.9%). An additional study by Velikova et al. (1999) showed the same favouritism 
toward electronic assessment with fifty-two percent preferring it to paper.  

Smartphones are an obvious choice of technology to administer EMA studies as they are 
widespread and readily available as well as being deeply integrated into individual’s everyday 
lives. It is estimated that in 2020, over 3.5 billion people worldwide own a smartphone (Statistica, 
2017). Therefore, using them to administer EMA’s is relatively unobtrusive and undemanding in 
comparison to other methods such as pagers or secondary devices designated for EMA. Another 
advantage of using electronic methods is the ease of data flow. The data is digitally and 
continuously transferred from the device to the researcher’s database. There is no risk of errors 
due to manual data entry and the data can be analysed on the fly while the research is still being 
conducted allowing the researcher to possibly tweak the study to obtain the optimal 
data. Backfilling has been identified as a major issue with traditional pen and paper EMAs. This 
is when participants forget — or do not care — to fill in the assessments at the correct times and 
instead falsely fill them all in at one time, threatening the validity of the data. Because electronic 
assessments are usually only available for completion for a limited amount of time as well as being 
timestamped, backfilling becomes near impossible (Colombo, Palacios, et al., 2018). 

However, EMA still has many limitations. One major limitation is that because EMA 
happens outside the laboratory it is heavily dependent on self-reporting and not physical 
measures. The reliability of self-reporting is influenced by several factors: participants’ own 
perception (perception is extremely subjective and people may perceive things in different ways), 
participant fatigue, enervation (reporting may be interruptive to activities), and privacy (reporting 
can be embarrassing when asking about sensitive topics) (Möller et al., 2013). Participant 
perception is a major limitation that is hard to control when using self-reporting methods as every 
individual has a certain way of perceiving things; for example, pain on a 10-point scale, or how 
stressed they may feel. Without the use of physical measures there is no way of validating these 
perceptions. The privacy factor—also known as social-desirability bias — is due to the fact that 
research participants are inclined to respond in a way that makes them look as good as possible, 
overstating positive behaviours or experiences and under-reporting those which they deem 
undesirable (Donaldson & Grant-Vallone, 2002). This social desirability bias has been identified 
as one of the most common and prevalent sources of bias affecting the validity of experimental 
and survey research data (Nederhof, 1985). Participant fatigue is a phenomenon that occurs when 
survey participants become tired of the survey task and the quality of the data they provide begins 
to deteriorate (Lavrakas, 2013). It occurs when survey participants' attention and motivation drop 
toward later sections of a questionnaire. Participant fatigue causes lack of compliance, high 
dropout rates, or more "straight-line" responding (i.e. choosing random answers in a series of 
Likert scales). These behaviours have also been identified as major limitations of ecological 
momentary assessments (Soong et al., 2015). Due to the long, repetitive, and high-volume nature 
of EMA, the main factor that causes participant fatigue is the subjective burden of repeated 
assessments (Burke et al., 2017). It is thus of utmost importance that this burden is limited and 
that studies are carefully designed to mitigate participant fatigue (O’Reilly-Shah, 2017). Despite 
the fact that EMA’s can be administered using participants personal smartphones, the burden is 
still relatively high in comparison to one-time assessments. 

Electronic ecological momentary assessments are evidently a useful and necessary method 
of data collection that provides many advantages over its competitors. Despite this, there is 
evidence that electronic EMA’s do not guarantee high rates of compliance to the self-report 
requests (Broderick et al., 2003). This along with the unreliability of self-reporting still leaves a 
lot of room for improvement in EMAs. 
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1.2.  Personal Sensing in Ecological Momentary Assessment 
 

Recent developments in embedded sensors in smartphones allow EMA data to be gathered 
without participants explicitly self-reporting (Colombo, Palacios, et al., 2018). Some examples of 
the data that can be collected is; amount and duration of communications (through SMS, email, 
phone calls), app usage patterns, browser history, location and motion detectors, light, ambient 
sound, and even swipe and scroll movements (Likamwa et al., 2013; Ma et al., 2012; Madan et al., 
2010). The use of these embedded sensors to acquire data has been coined “Personal Sensing” 
and can generate insights into a person’s behaviours, thoughts, and feelings. Ben-Zeev et al. 
(2017) used both self-report and personal sensing data (i.e., speech frequency, and duration, call 
and text activity, app use) to create a multimodal data collection system designed to aid in 
continuous remote monitoring and identification of subjective and objective indicators of 
psychotic relapse. The results showed that for some patients the subjective-self report data 
predicted symptom exacerbation best. For others, the more objective personal sensing data trends 
reflected the changes they experienced more effectively. This shows that there is a difference 
between individual, subjective perceptions and the objective state of reality. The use of this 
ubiquitous data decreases the reliance of EMA on self-report, reducing the bias that comes along 
with self-reporting. Gathering this data also requires little to no effort on the part of the 
participant meaning the subjective burden also decreases, which would likely result in lower 
dropout rates.  

Evidently, there has been several studies exploring the use of personal sensing in EMA. 
However, there seems to be a lack of research using image data. This data can of course not be 
gathered independently from the smartphone without participant intervention, like location 
would be for example, as the participant will need to take a photograph and submit it to the EMA 
software. It is, however, not reliant on self-reporting and so can still be considered unobtrusive. 
The lack of research into this field may be due to the fact that, until recently, the technology which 
EMA’s could be administered limited the abilities of high quality images to be submitted by the 
participants. In addition to this, in the past the capabilities of machine learning were not sufficient 
to perform accurate image classification tasks on large datasets.  
 
1.3. Rationale 
 

We have seen that personal sensing and EMA have revolutionized data collection methods 
providing a more accurate, less burdensome alternative to traditional self-reporting. However, 
the limitations of self-report have not been extensively explored within environmental 
psychology. Nor has the implementation of personal sensing harnessed image data. Assuming 
from previous work — mentioned above — that exposure to nature has a positive effect on stress 
levels, the limitations of self-report and EMA will be explored within this realm. This paper will 
aim to examine the limitations of self-report in Ecological Momentary Assessment, namely due 
to differences in participant perception and participant fatigue. The accuracy of the self-report 
data and the differences of subjective perception of environments will be assessed in comparison 
to objective image data of the same environments. The effect of participant fatigue on the accuracy 
of this data will also be explored within this paper by using different variants of a daily Ecological 
Momentary Assessment.  

The expected results are that 1) There will be a difference on an individual level between the 
subjective perception of environments vs. what can be detected by the image data, and that 2) the 
size of these differences is positively correlated with the burden levels of the assessments, and 
finally 3) the image data will, therefore, predict perceived stress levels better than the self-report 
data.   

The machine learning method of Convolutional Neural Networks was used to detect the 
elements within the same environments described in the self-report data. The use of Neural 
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networks in image classification has increased rapidly over the past few years due to vastly 
improved algorithms as well as the availability of copious amounts of pre-labelled data and pre-
trained detection models (Rawat & Wang, 2017). Image classification is the process of assigning 
probabilities to an image and classifying it into predetermined classes depending on those 
probabilities. The neural network performs such process by taking pre-labelled input data 
representing the images and learning how to map each input to a specific output node. The totality 
of the output nodes represents the set of classes within the images, with each node representing a 
single class. Object detection is the specific domain of image classification that will be used in this 
study. In contrast to image classification - which classifies an image into a single class – object 
detection can detect multiple classes in one image as well as multiple instances of a class in an 
image.  

For humans this seems like a trivial task, an apple is an apple no matter how you look at it, 
from different angles, distances, or if it is partially hidden behind another object. However, for 
computer vision, this is a much more difficult task. This is where Convolutional Neural Networks 
(CNN’s) excel. CNN’s have achieved detection and categorisation results previously considered 
outside the realm of technological capabilities (Teuwen & Moriakov, 2019).  

 
2. Method 

 
The design of the study was a longitudinal Ecological Momentary Assessment. This paper will 

only report the methods and findings relevant to the scope of the research into the hypotheses 
which have been developed in the Rationale section: 

 
H1: There is a difference on an individual level between the subjective perception of 

environments (self-report) vs. what can be detected by object detection in images of the same 
environments 

 
H1.1: The size of these differences is positively correlated with the burden levels of the 

assessments 
 
H2: Object detection data is a better predictor of perceived stress levels than self-report data 

 
This study is part of a larger work: “The Effects of Environment on Stress”. The outcomes of 

other aspects of the study are presented in the supporting literature (Damoiseaux, 2021; Naama, 
2021; van Vlokhoven, 2021). 

 
2.1. Experimental Design 

 
The study lasted 9 days and there were 4 to 5 repeated measures each day (the number 

alternated per day). The study had a within-between-group design, with the within factor being 
the 2 different types of reporting: self-report or image data. The between-group factor was the 
burden of the daily assessments, manipulated via their length. One version of the questionnaire 
was made longer in comparison to the other, with the longer version having a higher subjective 
burden. The study consisted of 3 questionnaires: a primary, a daily, and a concluding 
questionnaire. More detail on the content of these questionnaires as well as the variants of the 
daily questionnaires will be further discussed in section 2.4. The overview of the structure of the 
study can be seen in Table 1. 

Within the daily questionnaire, there was a checklist to describe the presence of natural 
elements in the participants view, after which, participants were required to submit a photograph 
of the same view in order to retrieve images to compare to the self-report data. The images were 
analyzed by a neural network in order detect the same classes of items that were present in the 
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checklist. The self-report data was then compared to the object detection output data in order to 
explore the differences between what is subjectively perceived and reported, and what is 
objectively detected by the object detection model. This study was approved by the Ethical Review 
Board of Eindhoven University of Technology. 

 
Table 1: Structure of the study 

Structure of Study 

Number of Days  9 
 

Number of Pings per Day  4/5 (Alternating per day) 
- 4 between 08:00 – 16:00 
- 5th between 18:00 – 22:00 
 

Time Between Pings No less than 30 minutes  

 
 

2.1.1. Ecological Momentary Assessment Software 
 

The platform chosen to administer the EMA was MetricWire, a smartphone application. 
MetricWire was chosen due to the fact that it is easily downloadable onto the participants own 
smartphone and is compatible with both Android and iOS, so that the sample was not limited by 
mobile phone operating system. This was beneficial as higher rates of compliance have been 
recorded when participants use their own smartphone rather than a designated EMA device 
(Colombo, Cipresso, et al., 2018; Möller et al., 2013). It is also possible to submit image data 
directly through MetricWire which was useful. Furthermore, MetricWire has an intuitive and easy 
to understand user interface for both the researcher and the participant. MetricWire is GDPR, 
HIPAA and FDA compliant and therefore provides a secure platform to collect the participants’ 
data.  
 
2.1.2. Power Analysis 
 

A power analysis was performed using the software G*Power (Faul et al., 2007). Due to 
lack of time to perform a sufficient pilot study, a power analysis for linear mixed models (LMM) 
could not be performed as it required simulations. Therefore, this power analysis will be based 
on the closest statistical test to LMM, a within-factors repeated measures ANOVA. 
Unfortunately no similar previous research was found; the closest finding was that of a 
significant influence of expertise in recognizing (unfamiliar) objects between novices and 
experts (f=0.17) (Gauthier et al., 1998). Using this as the target effect with a power of 0.90, an 
alpha of 0.05, number of groups was 2 and number of repeated measures was 40, the minimum 
total sample size is estimated to be 70 participants. However, due to financial limitations, the 
maximum sample size that could be obtained was 22 participants in total, 11 per group. Most of 
the studies in personal sensing have been small, generally with sample sizes of 7–30 (Mohr et 
al., 2017) and thus, this sample size was still substantial. 

 
2.2. Participants 

 
A total of 22 participants (13 females) participated in the study. They were students whose 

ages ranged between 18 and 27 years, with a mean of 22.1 years (SD = 2.5). The sample was 
recruited through the JFS Participant Database that is managed by the Eindhoven University of 
Technology (TU/e). This database is largely made up of university level students both from the 
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TU/e and surrounding institutions. All of the Individuals who have visual impairments were 
excluded from the study as there is reliance on the accuracy of what the participants can detect in 
their view. The sample was also restricted to individuals who could speak English and finally, the 
participants had to own a smartphone with a working camera. The smartphone that the 
participant owned could not be of the following type:  
 

• BLU Phone 
• Nokia Phone 
• Alcatel Phone 
• Xiomi Phone 
• Huawei Phone 
• Oppo Phone 
• Blackberry Phone 
• Kyocera Devices 

 
This is due to the fact that MetricWire has reported previous issues with the use of their software 
on these devices.  

 The participants were randomly split up into 2 equal groups; one would receive the short 
daily questionnaire, and the other the long daily questionnaire. Depending on whether they were 
a member of the shorter or longer questionnaire group, the participants were compensated €10 
or €18 respectively. It is common in these types of studies to only pay participants if they complete 
a certain amount of the questionnaires that they receive in order to gain the highest response 
rates. Evidence shows that compensation will contribute to a higher rate of response as well as to 
more complete and accurate information (Church, 1993; Ferber & Sudman, 1974). However, 
because compliance and accuracy of the data were under investigation, all participants were 
compensated in order to not influence these factors. 
 
2.3. Procedure 
 

 Once the participants had been recruited, they were sent a short description of the study, 
an information video and an informed consent form. In this video the participants were provided 
instructions on how to install and use the MetricWire application and run through the entire daily 
questionnaire in order to mitigate any confusion about the questions. The information video also 
specified which view should be considered when filling in the checklists and taking the 
photograph. This view was the view straight in front of them which would fit between their hands 
when their arms were outstretched to the side and bent 90 degrees at the elbow, as demonstrated 
in Figure 1.  

When taking the photograph, participants were instructed to consider the same view which 
they had reported in the checklist and to include all of the elements in the frame which were 
indicated in the preceding checklist. Finally, the participants were instructed not to submit any 
photographs which contained recognizable faces in order to limit the amount of sensitive data 
submitted as this type of data can cause privacy issues.  
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Figure 1: The view that was expected to be reported by participants as shown in the information video 

Once the participants had consented to take part in the study, they were sent the primary 
questionnaire and following this, the daily assessments could begin. Each day the participants 
were prompted—or “pinged”— 4 or 5 times (alternating per day) with the daily assessments.  The 
4 pings were administered throughout the day between 08:00 and 16:00 with the 5th ping 
occurring during the evening—between 18:00 and 22:00—to control for daylight. The amount of 
pings was chosen based on a related study, where it was found that compliance was higher in 
smartphone administered EMA when participants were prompted less than 8 times a day 
(Colombo, Cipresso, et al., 2018). The pings during the day were sent in a stratified random 
manner. No less than 30 minutes elapsed between two daytime pings. The evening ping was sent 
randomly within the previously stated timeframe. The pings were chosen to be sent randomly 
rather than event-based or voluntarily, as in previous work event-based was considered too 
intense and the participants were likely to forget when it was voluntary (Möller et al., 2013). The 
participants were given 30 minutes to complete each ping in order to increase the response rate, 
as in previous work it was shown that the possibility to postpone prompts increased compliance 
(Colombo, Cipresso, et al., 2018). Each ping consisted of one of the variants of the daily 
questionnaire – depending on which group the participant was in - both of which contained a 
checklist of items corresponding to elements they may see. Participants filled in this checklist, 
selecting all the items that were in their current view. Within every ping, the participants were 
also asked to take a picture of the view which they had described in the checklist. There were clear 
instructions to the participant to represent the same view in the checklist as in the picture. The 
picture was requested after the checklist was filled in so to not influence the accuracy with which 
they fill in the checklists. After the 9-day period of 4 to 5 daily pings, the participants were thanked 
for their participation and compensated.  
 
2.4. Measures 
 

During this study the participants were required to fill in a primary questionnaire, daily 
assessments, and finally a concluding questionnaire. This section will discuss the included 
measures that are relevant to this study. The full contents of all 3 of the questionnaires can be 
found in the Appendix. 

 
2.4.1. Primary Questionnaire  
 

The primary questionnaire consisted of some basic demographics; age and gender as well 
as work and study habits. Following this, the participants had to fill in the Connectedness to 
Nature Scale (Mayer & Frantz, 2004). These scales were used to determine how connected to 
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nature an individual is. These scales have shown that connection to nature is an important 
predictor of ecological behaviour and subjective well-being. Therefore, this may act as a confound 
between exposure to nature and stress levels and needs to be controlled for. The PSS-10 Scale 
(Cohen et al., 1983) is also present in the primary questionnaire in order to measure the degree 
to which situations in one’s life are appraised as stressful. This score was also controlled for as a 
person who scores high on this scale is in general more stressed than someone who scores low, 
irrespective of their environment.  

 
2.4.2. Daily Questionnaire 
 

 As previously mentioned, there were 2 versions of the daily questionnaire; one shorter 
and one longer. These were created in order to manipulate the subjective burden of the EMA to 
test whether this had an effect on the quality of the self-report data. Both daily questionnaires 
contained a 1 item (perceived) stress assessment: “Before you read this message, how stressed 
were you feeling?”. This item used a 7-point Likert response scale ranging from “Not at all” to 
“Very much so”. A 1 item perceived stress assessment was chosen over a longer assessment in 
order to make the daily questionnaire as short as possible. It has been shown that single-item 
measures of stress are reliable at measuring perceived stress with a validity similar to longer 
assessments (Littman et al., 2006). Following this, the participants had to fill in a checklist to 
identify elements in their immediate environment. A small reminder was given about which view 
they should consider. The checklist is where the long and short daily questionnaires differed. The 
checklist was taken from Beute and de Kort (2018) which was adapted from an environmental 
checklist by Ryan et al. (2010). This checklist has shown high validity. There were a few further 
adaptations made to the checklist: both long and short versions were quantified using a 5-point 
Likert scale ranging from the element is “Not Present” to the element is “Extremely Present”. In 
previous studies, daylight and nature elements have both been considered when examining the 
effects of the natural environment on stress levels. Due to the limitations of this study in terms of 
both a lack of adequate equipment to measure daylight intensity and the abilities of neural 
networks to identify the presence of daylight in pictures, the majority of the daylight elements that 
were added in the Beute and de Kort (2018) version have been omitted from this study. Only 1 of 
these daylight elements has been used to extend the length of the long version of the 
questionnaire. 
  The short checklist consisted of 9 natural elements and a daylight element to control for 
daylight. The long checklist contained these same elements as well as an additional 10 urban 
elements in order to make it twice as long, and therefore, of higher burden to complete. The 
elements and structure of the checklists can be seen in Table 2 and Table 3.  
 
Table 2: Short Variant of Checklist Containing Nature and Daylight Elements 

 1 2 3 4 5 
 Not Present Barely Present Somewhat Present Very Present Extremely Present 

      
Window      
Tree      
Grass      
Flower      
Bush      
Body of Water      
Plants       
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Field      
Animal 
Daylight 

     

 
Table 3: Long Variant of Checklist Containing Nature, Daylight, and Urban Elements 

 1 2 3 4 5 
 Not Present Barely Present Somewhat Present Very Present Extremely Present 

      
Window      
Tree      
Grass      
Flower      
Bush      
Body of Water      
Plants       
Field      
Animal      
Daylight 
Building 

     

Pavement      
Traffic Light       
TV      
Table      
Car 
Chair 

     

Computer      
Artificial Light       
Roof or Canopy      

 
A “Perceived Nature Score” was then determined according to the checklists. In the study by 

Beute and de Kort (2018), each natural element received a “+” score and each urban element a “-
” score. However, because the 2 checklists in this study needed to be compared, only the natural 
elements were given a score. The daylight and urban elements’ sole purpose was to lengthen the 
long questionnaire version to increase the burden of completing it.  The scoring system according 
to the 5-point Likert scale was as follows: 
 

1. +0 score 
2. +1 score 
3. +2 score 
4. +3 score 
5. +4 score 

 
Therefore, the score was weighted according to the “amount” of that specific natural element the 
participant perceived. A separate score for each element was calculated and the sum of these 
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scores for each image was the Perceived Nature Score. This score was used to examine the 
differences between individuals’ subjective perception of their surroundings. 
 The final task of the daily questionnaire was for the participants to upload a photograph. 
They were reminded of the view to consider each time they were required to do this. These images 
were saved into the database and, following the end of the study period, were analyzed using 
neural networks in order to determine the scores for each element and the “Detected Nature 
Score” per image. 
 
2.4.3. Concluding Questionnaire 
 

The concluding questionnaire was used to determine how burdensome the participants 
found the study. This was achieved using 5 questions each with a 7-point Likert scale response 
option ranging from “Not at All” to “Very Much So”. The questions asked how burdensome the 
participants found the number of daily pings, the length of the daily questionnaire, and the length 
of the entire study. Participants were also asked about their feelings of dropping out of the study 
as well as their opinion on whether or not their adherence dropped throughout the duration of 
the study. There was then a question taken from van Genugten et al. (2020) asking what the 
participants main reason for missing daily questionnaires was. Finally, there was an open-ended 
question asking for any remarks that the participants had related to the study. The resulting data 
was used to identify issues with the design of the study as well as any technical downfalls. To see 
the full questions please refer to the Appendix. 
 
2.5. Image Analysis 
 

The images retrieved from the daily assessments were then run through an object 
detection model that used Convolutional Neural Networks (CNN) in order to detect objects in the 
images and classify them into the predefined nature categories that correspond to the items in the 
natural checklist. This process was implemented using Python 3.7 and Tensorflow 1.15. ‘Grass’ 
and ‘Field’ were too similar to be considered separate classes, and since the images were to be 
taken from a distance of a landscape ‘Grass’ was dropped since ‘Field’ better fit the category. These 
7 predefined categories formed the models output nodes—or classes—namely: window, tree, field, 
flower, bush, body of water, plant, and animal. The output of the object detection model was used 
to determine the area covered for each element and the Detected Nature Score per image. These 
scores were then compared to the element scores and the Perceived Nature Score in order to 
examine the differences between participants’ subjective perception and what the model detected.  
 
2.5.1. A Brief Theory Behind Convolutional Neural Networks 
 

Rohrer (2016) gives a comprehensive yet simple explanation of how Convolutional Neural 
Networks (CNN’s) work. The following account is loosely based on this explanation, giving a very 
basic understanding of CNN’s, as the in-depth mathematics of the underlying algorithms is far 
beyond the scope of this research. 
 
Convolutional neural networks work with 4 steps: 

1. Convolution Step 
2. Non-Linearity (ReLU) Step 
3. Pooling Step 
4. Classification (Fully Connected Layer) Step 
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An image can be represented as a matrix of pixel values. For a colour image this constitutes 3 
2D matrices with pixel values between 0 and 255. These 3 matrices each represent one colour 
channel: red, green or blue. 

For the sake of this account we will consider a 5x5 matrix—representing an image— with pixel 
values of either -1 (representing white) or 1 (representing black) as seen in Figure 2. Now let us 
consider another 5x5 matrix seen in Figure 3. As humans we can identify clearly that these are in 
fact 2 X’s and that they belong in the same “X” category. A computer, however, will see that there 
are a number of pixels that do not match up as, seen in Figure 4, where red indicates a mismatch 
of pixels. 

Figure 2:  

5x5 Matrix Representing an “X” 

 

 

Figure 3:  

5x5 Matrix Representing an 
alternative “X” 

 

Figure 4:  

5x5 Matrix Representing the 
Mismatch between the 2 “X”’s 

 

Computers are very literal and therefore they would most likely incorrectly classify these 
images into 2 different classes. This is where feature extraction is necessary. A feature can be 
defined as a smaller matrix of input data learned from the larger image, for example in facial 
recognition eyes or noses may be learned by the CNN as important features of faces. Some features 
of Figure 2 can be seen illustrated in Figure 5. 

Figure 5: Extracted Features of the “X” 

 
In the convolution step these features are passed over the larger image stepwise 1 pixel at 

a time in a process called filtering. Filtering consists of multiplying each image pixel value by the 
corresponding feature pixel value. Figure 6 and Figure 7 show this process in the first position for 
the first 2 pixels. The resulting value is then plugged into a matrix corresponding to the size of the 
feature matrix.  
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Figure 6: Convolution of the first pixel of the feature 

 

Figure 7: Convolution of the second pixel of the feature 

 

 
If this process is repeated for all 4 pixels in the feature you will get a 2x2 matrix. Adding 

these values together and dividing by the total number of pixels in the feature gives the output 
value which will be plugged into a matrix the size of the original image (5x5). This step is 
illustrated in Figure 8 and Figure 9. 

Figure 8: Filtering process 

 
 

−1 + 1 + 1 + 1
4 	= 0.5	 

Figure 9: Filtering process 

 
 

Convolution is the repeated application of this filter over the entire image, resulting in a 
feature map where higher values indicate a better fit of the feature in a certain position with a 1 
indicating a perfect fit. The feature map for this specific feature can be seen in Figure 10. We can 
see in this feature map that the feature has become accentuated where the it is present in the 
original image. This process of convolution is repeated with all identified features until the image 
is transformed into a “convolution layer” or a stack of these filtered images.  

The second step is the Non-Linearity step or ReLU, also known as normalization. 
Basically, what this step does is: if the pixel value is greater than 0, return that value; otherwise 
return 0, in essence removing all negative values. The purpose for this step is that to make the 
model linear, which helps preserve many features in order to increase the ability of the model to 
generalize (Goodfellow et al., 2016). The feature map after the ReLU step can be seen in Figure 
11.  
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Figure 10: Feature map 
accentuating diagonal line  

 

Figure 11: feature map after ReLU 
step 

 

Figure 12: Feature map after pooling 
step 

 

 
 
Next up is the pooling step, which in essence shrinks the image. In pooling a window size 

and a stride are chosen (in this case we will use the value of 2 for both of these). This means that 
we will look at the original image through a 2x2 pixel window (window size), choose the maximum 
value in this window and fill that into a shrunken matrix and then move the window by 2 pixels 
(stride) until the window has moved across the whole image. This type of pooling is also known 
as max pooling. The outcome is a shrunken image with a similar feature pattern. For this small 
example the benefits of pooling are not clear but if the original image was made up of 5000x5000 
pixels then this makes the process much more space and time efficient. The Feature Map after the 
Pooling layer can be seen in Figure 12. These 3 steps can be stacked and repeated many times, 
creating stacked layers, each time the image is further filtered and shrunken until the desired 
output is reached.  

The final step is the fully connected layer. As the name suggests, every node in the next 
layer is connected to every node in the previous layer. This layer utilizes the distinct features that 
the convolution and pooling layers detect to assign a probability to each predefined classification 
class. The class which receives the highest probability is that which the image will be categorized 
into. The way in which the model learns both the features and the classifications is achieved by a 
process called backpropagation. Backpropagation is a complex algorithm which—simply put—
uses the error in the final answer to determine how the network should adjust. 

2.5.2. Dataset 
 

The dataset used to train the model was created using Google Image Search. An advanced 
search was used in order to filter out images which did not have the Create Commons Licence 
usage rights. Each class was then searched in Google Image Search followed by the word 
“photograph”, i.e., “window photograph”, “tree photograph”. This was done in order to limit the 
number of illustrations and clip art images that appeared in the search. “Animal photograph” was 
also specified further to “domestic animal photograph” as domestic animals are what one would 
expect to encounter on an everyday basis, and the “animal photograph” search proved to be too 
broad. The final searches that were added were “landscape view” and “view from window” as these 
represent relatively closely the images that the participants submitted. Once the search was 
completed, the Fatkun Batch Download Image (Aituxiu, n.d.) software was used to bulk download 
the images. One more manual check was performed on the images to check if they were relevant. 
For example, any objects that were illustrated, or did not accurately represent the class were 
removed from the folder. All of the downloaded images were then run through the labelImg 
software (Tzutalin, 2015). This software allows the elements within the images to be annotated by 
bounding boxes, meaning there can be multiple classifications within one image and therefore 
more instances of each element to train the model on (see Figure 13). LabelImg created an xml 
file for each image containing each bounding box coordinates and label. These xml files were then 
converted into 2 csv files: one for the training images and one for the test images. These files were 
then used to generate a TFRecord which is TensorFlow’s own binary storage format.  
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Figure 13: An image annotated by labelImg with animal,  field, and tree  labels 

3500 images were downloaded in total with an average of 700 instances per class, these 
instances can be seen in Table 4. The data had a Train-Test split of 70:30. This split means that 
70% of the images were used to train the model and 30% to test its accuracy in mapping an image 
to its specified class. This split was taken from previous studies which used similar train-test splits 
for object detection, yielding positive results (Georgakis et al., 2017; Gkioxari et al., 2015). This 
resulted in a complete dataset of approximately 2500 training images and 1000 test images. 
 
Table 4: Number of instances per Class for Train and Test Datasets 

 Train Test 
 

Tree 
 

 
678 

 
464 

Field 
 

579 296 

Bush 
 

313 162 

Water 
 

285 125 

Flower 
 

671 291 

Plant 
 

416 259 

Animal 301 103 
   

 
2.5.3. The Object Detection Model 
 

The object detection model was implemented using a pretrained model from the 
Tensorflow 1 Model Zoo. A pre-trained model was used rather than creating a new model in order 
to take advantage of transfer learning. Transfer learning is the improvement of learning in a new 
task through the transfer of knowledge from a related task that has already been learned (Torrey 
& Shavlik, 2010). Transfer learning helps to speed up training and improve the performance of 
the model. Another benefit of transfer learning is the fact that it greatly reduces the amount of 
data needed to train the model. The pre-trained model that was used was the “Faster-RCNN 
Resnet-50 COCO” model (Tensorflow, 2020). This model was chosen because of its good balance 
between accuracy and speed (Huang et al., 2017). The model was previously trained on the 
Microsoft COCO dataset which consists of 91 common everyday object classes represented by 328, 
000 images (Lin et al., 2014). Because of the wide variety of classes that the model has been 
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trained on it understands certain feature representations which it can reuse on the new data and 
improves the ability of the model to generalize. The Faster RCNN Resnet-50 COCO model consists 
of 50 convolutional layers. This process of re-training the model on the new dataset was executed 
in Python 3.7, and TensorFlow 1.15 and the Tensorflow Object Detection API (Abadi et al., 2015; 
Chollet, 2015). The Object Detection API allows for multiple objects to be detected in one image 
within bounding boxes, rather than an image to be classified into only one class.  

Within the model, the images were resized to 600x1024 pixels in order to create uniform 
matrices to convolve the features over. The images were not converted to grayscale, but instead 
remained with the 3 colour channels: red, green, and blue as colour may be a defining 
characteristic for certain classes. The training images were randomly shuffled in order to reduce 
overlearning of one specific class. The model used a SOFTMAX layer as its final fully connected 
layer in order to compute the probabilities of the class labels. SOFTMAX is a function which has 
been implemented into many object detection CNN’s (Hinton et al., 2012; Simonyan & Zisserman, 
2014). The object detection model was implemented following the guidelines of the TensorFlow 
Object Detection API Tutorial (Tensorflow, 2018). For reproducibility, please see this tutorial.  
 
 
2.5.4. Training the Model  
 

The model was trained for 43, 000 steps until the loss stabilized below 0.1. Simply put, the 
loss function indicates how good the model is at particular task, and the aim is to minimize the 
loss. 
3. Usually, an image classification model is evaluated using the metric of accuracy, which can be 
defined as the percentage of classifications that the model got correct. Accuracy can be easily 
calculated when using an image classification model as there is only one class which each image 
belongs to and therefore, the classification can either be true or false. With object detection on 
the other hand, this becomes more difficult. There are often many classes present within each 
image and each class occupies a certain area of each image, and therefore it is not as 
straightforward to evaluate whether or not the model has correctly identified the correct classes 
in the correct areas of the image. It was noticed that the window class was producing unusually 
high numbers of detection. Upon further inspection of the output images, it was found that 
objects such as computer screens, tables, cupboards, and other objects with straight edges were 
being detected as windows. An example of this can be seen in Figure 14. This misdetection can 
be attributed to the fact that windows do not have particularly defining features, with most 
consisting of a rectangle, and therefore it is easy for other similarly shaped objects to be 
identified as a window. The decision was made, therefore, to exclude the window object class 
from the object detection model.  
4. Once the model had been trained on the original dataset, 20% of the images that had been 
submitted by the participants were selected at random and the model was retrained for another 
300 steps on these images. The images were then removed from the dataset that would be 
analysed. This was done in order to optimize the model’s performance with the specific type of 
images; namely pictures taken from a mobile phone, as most of the images taken from the internet 
were of a higher quality.  
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Figure 14: Misdetection as shown by sounding boxes which indicate that windows have been detected 

 
2.2.5 Model Output 
 

The object detection model output consisted of bounding boxes surrounding the detected 
elements in each image. Depending on the presence of these elements, the score per element 
was created. This score was determined according to the area that the element’s bounding 
boxes occupied within each image, and then converted into a percentage of the total image 
area. Area was used as it is a better indicator of presence of an element rather than the 
number of the elements that has been detected. For example, if 50 trees have been detected, 
this seems like they would be extremely present within the view, however, they may be far 
in the distance and in fact are not a very present in respect to the entire view. The area of 
the bounding boxes cannot simply be added together as there is a high probability of overlap 
between them, in which case the area of the intersection will be counted twice meaning the 
total area will be inflated. Therefore, the intersection should be subtracted to obtain the 
correct area. The generalization of this formula to an arbitrary number of sets is called the 
inclusion-exclusion principle (da Silva, 1854). This principle was therefore implemented in 
order to determine the percentage of the image area which each element occupied. An 
example of an output image can be seen in Figure 15, showing the correct detection of trees 
and a field.  
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Figure 15: An example of the model output of an image submitted by a participant showing the detection of trees 

(green boxed) and a field (blue box) 

2.6 Statistical Analysis 
 
The statistical analysis was performed using Python 3.7 and R 4.0.3. This section outlines the 
process of cleaning and exploring the data.  The relevant statistical findings can be found in 
Section 3. 
 
2.6.1 Data Cleaning 
 

A manual visual inspection on the submitted images was done in order to determine 
whether or not they were of high enough quality. Those which were not, i.e., too blurry, too 
zoomed-in, or completely blank were dropped from the dataset. This was done in order to give the 
object detection model a fair chance at detecting the elements that were present. During this 
manual visual check, images which showed recognizable faces were also edited to obscure the 
faces to make sure that no sensitive data was present. Some participants had very few responses, 
however, these were not dropped as the sample size was already limited and the method of 
statistical analysis, Hierarchical Linear Models, deals with these missing values well.   

4 items from the PSS-10 scale (Questions 1.29, 1.30, 1.32 and 1.33 in the Appendix) as well 
as 3 items from the Connectedness to Nature scale (Questions 1.39, 1.47, 1.47 in the Appendix) 
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were reverse scored, this is because these items were negatively worded and therefore required 
the opposite scores as the positively worded items. 
 Since the self-report data and the object-detection data needed to be compared, during the 
data cleaning the scale of the object detection scores were transposed onto the same 5-point scale 
as the self-report scores. This was done assuming that the participants had interpreted the 5-point 
scale as a uniform and equidistant scale and so each point on the scale represented an equal range 
of percentages, except for 0 (where the element was “not present”), which would represent only 
0% of elements detected. This conversion can be seen in Table 5. The score per element on this 5-
point scale will be referred to as the Area Covered. For each image the self-reported Area Covered 
of all elements was summed to obtain the Perceived Nature Score for that image. This process was 
repeated with the object detection Area Covered scores to obtain the Detected Nature Score. 
 
Table 5: Conversion of Object Detection Scale to Self-Report Scale 

Object detection scores 0% 1%-25% 26%-50% 51%-75% 76%-100% 
Self-report scores 0 1 2 3 4 

 
The distribution of the Area Covered scores for self-report and object-detection were 

inspected as seen in Figure 16. We can see that both scores have medians of 0 and somewhat 
similar distributions. These plots include the instances where a score of 0 was given to an element 
in the self-report checklist in addition to the element not being detected by the object detection 
model. However, this data is not very indicative of what we are interested in, which is the 
difference between how individuals perceive and report elements that are actually present, 
compared to how a neural network detects these same elements. In order to compare these 
differences, only the data where at least one of the two methods have reported the presence of an 
element will be considered. The distribution of this “Non-Zero” data can be seen in Figure 17. 

 

 
Figure 16: Distribution of Area Covered for All Data  

Figure 17: Distribution of Area Covered for Non-Zero 
Data 

Now we can see that there is evidence of a difference between the distribution of the Area 
Covered scores given by the participants and those given by the object detection model for 
elements that are actually present. The self-report data has a median of 2 and is more evenly 
distributed across the scale than the object detection data, which has a median of 1.  
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Figure 18: Distribution of differences between self-

report and object-detection scores for the element ‘tree’  
 

Figure 19: Distribution of differences between self-
report and object-detection scores for the element ‘tree’ 

using only non-zero data 

Figure 18 shows the distribution of differences for the tree element, this distribution is 
heavily skewed to the right with the majority of the data at difference = 0. This data is misleading 
as it implies that for trees there is mostly no difference between self-report and object detection 
Area Covered data, inflating the agreement between these two. When we only consider the Non-
Zero data, as shown in Figure 19, the distribution approaches a normal distribution. This pattern 
is similarly repeated for the other elements, as can be seen in Figure 20 and Figure 21. The 
difference count has been normalized in order to make the plots comparable. In order to gain the 
most insightful results on the differences between self-report and object-detection Area Covered 
scores, only this “Non-Zero” data was used in the statistical analysis. For an overview and 
description of all variables used in the statistical analysis please refer to Table 6. 

 
 

 
Figure 20: Normalized Distribution of differences between self-report and object-detection scores per element 
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Figure 21: Normalized distribution of non-zero differences between self-report and object-detection scores per 

element 

Table 6: Summary and description of variables 

Variable Description 

 
Area Covered 

 
This is the score of a single element within a single 
image given by the 5-point scale, for either the self-

report or object detection data  
 

Assessment Within-subject factor which can either be self-report or 
object detection indicating how the score for Area 

Covered was given 
 

Connectedness 
to Nature Score 

(CN score) 
 

This represents the total scored on the Connectedness 
to Nature Scale with higher values indicating more 

connectedness to nature 

Detected Nature 
Score (DNS) 

 

This represents the sum of the Area Covered scores for 
object detection for all elements in an image 

 
Perceived 

Nature Score 
(PNS) 

 
Element 

 
This represents the sum of the Area Covered scores for 

self-report for all elements in an image 
 

 
All of the natural elements present in the checklist 

(except for grass and window) 
 

Image 
 

This represents each image that has been submitted by 
the participants, and also represents a single daily 

assessment instance 
 

Difference 
 

This is the absolute difference between the self-report 
Area Covered value and the object detection Area 

Covered value  
 

 
PSS-10 Score 

 
This represents the total scored on the PSS-10 Scale 
with higher values indicating higher overall stress 
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Questionnaire 

Type 
Between-subject factor indicating whether it was the 

short questionnaire condition or the long questionnaire 
condition 

  
Stress This is the perceived stress value that was recorded 

before the checklist and the photograph were taken in 
order to reduce the influence that actively attending to 

the environment would have on the stress level 
 

User ID 
 

 
This is the participant ID 

 
2.6.2 Data Analysis 

 
Since the structure of the data is nested, with responses (n = 234) nested within 

participant (n = 22) and repeated measures (pings) (n between 2 and 22, depending on 
participant), Hierarchical Linear Models (HLM) were used for all analyses. The HLM analyses 
were conducted in R version 4.0.3  using the lme4 package (Bates et al., 2015). It can be argued 
that using HLMs for categorical or Likert-style data is inappropriate and that doing so can 
inflate Type I error rates. However, in a study by Kizach (2014), it was concluded that using 
HLM’s on this type of data does not inflate these error rates and actually provides better results 
than alternative methods. Since the data has a nested structure, there is likely a correlation 
between these nested groups and HLM’s can control for the potential influence and variation 
between groups by adding them to the model as random effects. Likelihood ratio testing was 
used to test whether or not these random effects improved the model fit. Another advantage of 
using Hierarchical Linear Model is the fact that, unlike a repeated measures AVONA, it is not 
necessary to exclude the participants who were missing data for one or more conditions as the 
model can handle missing values. This is beneficial in this case as the sample size is already 
limited. Hierarchical Linear Models also allow  for better handling of dependencies in repeated 
measures data (Gueorguieva & Krystal, 2004; Misangyi et al., 2006).  

In the analyses, User ID was added as an independent random variable to group the data 
per participant, i.e. to indicate that the same participant was measured multiple times. The 
Image was also, at first, nested within the User ID to represent each individual daily assessment 
instance. This however, caused a singularity error in the model which means that the variance of 
the random effect is near or equal to 0. This is possibly due to the fact that there is a large 
disparity between the number of images submitted by each participant (Min = 2, Max = 22). As 
suggested by Barr et al. (2013) the model was kept maximal with User ID as the only 
independent random variable i.e. the most complex model that was consistent with the 
experimental design, removing only terms required to allow a non-singular fit. This was still 
consistent with the experimental design, as time or instance of assessment was not the focus of 
the current study. 

 
2.6.2.1 Hypothesis 1. In the first hypothesis, there is a difference on an individual level between 
self-report and object-detection data, the dependent variable was Area Covered. This variable 
represents the scores which were given on the 5-point scales by both types of assessment. The 
type of Assessment was the independent variable (either Self-Report or Object Detection). The 
relationship between these 2 variables, without taking into consideration the multilevel structure 
of the data, can be seen in Figure 22. This figure indicates that there is a relationship between the 
Area Covered and the Assessment type with the self-report data being more normally distributed 
than the object detection data, which is clustered mainly in the 0 and 1 categories.  
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Figure 22:Relationship between Area Covered and 

Assessment Type not considering the nested 
structure of the data 

 
Figure 23: Relationship between Area Covered and 
Assessment Type considering the nested structure of 

the data  

However, this may be influenced by the scale which was used and how the participants 
interpreted each point of the scale. Figure 23 instead takes into consideration the multilevel 
structure of the data by colour coding the data per participant and adding regression lines for each 
participant. This clearly shows that the relationship between Area Covered and Assessment type 
is not the same for all participants and thus, the importance of modelling User ID as a random 
effect.  
 

Equation 1: R model specification for hypothesis 1 

𝐴𝑟𝑒𝑎	𝐶𝑜𝑣𝑒𝑟𝑒𝑑	~	𝐴𝑠𝑠𝑒𝑠𝑠𝑚𝑒𝑛𝑡 + (1|𝑈𝑠𝑒𝑟	𝐼𝐷) 
 
2.6.2.2 Hypothesis 1.1. For hypothesis 1.1, burden level is positively correlated with the 
differences between self-report and object detection data, the dependent variable is Difference. 
Difference represents the absolute difference between the self-report and object detection Area 
Covered scores per element. The independent variable is the between-subject factor, 
Questionnaire Type, which is either the long version (higher burden) or the short version (lower 
burden). Figure 24 plots Area Covered against Assessment type and colour codes by 
Questionnaire Type. From this figure, it seems that there is a relationship between the difference 
between self-report and object detection Area Covered data and the length of the questionnaire, 
shown by the different slopes of the regression lines. This relationship, however, seems to be the 
opposite of what was expected in the hypothesis. It seems that there is a larger difference (steeper 
slope) between the assessment types for the short questionnaire rather than the long. There is 
more evidence of this in Figure 25, where Difference is plotted against Questionnaire Type. We 
can see that, for the long variation, most of the differences lie in the Difference=1 category, with 
very few in the Difference=2, Difference=3 and Difference=4 categories. In contrast, in the short 
variation there is a higher density of differences in the Difference=2, Difference=3, and 
Difference=4 categories. Despite this, however, it must be noted that there is a large disparity 
between the number of Images for the short (n=143) and the long (n=91) variants of the daily 
assessment.  
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Figure 24: Relationship between Area Covered and 
Assessment type showing the distribution of long vs. 

short questionnaire 

 
Figure 25: Relationship between Difference and 

Questionnaire Type ( long vs. short questionnaire) 

Element type was also added to the model as a fixed factor to assess whether the type of 
element has an effect on the Difference as it is possible that, for example, the object detection is 
particularly weak at detecting certain elements, or that participants overstate the presence of 
certain elements more than others.  

 
Equation 2: R model specification for hypothesis 2 

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	~	𝑄𝑢𝑒𝑠𝑡𝑖𝑜𝑛𝑛𝑎𝑖𝑟𝑒	𝑇𝑦𝑝𝑒 + 𝐸𝑙𝑒𝑚𝑒𝑛𝑡 + (1|𝑈𝑠𝑒𝑟	𝐼𝐷) 

2.6.2.3 Hypothesis 2. In hypothesis 2, object detection data is a better predictor of perceived 
stress levels than self-report data, 2 HLM’s were performed both with Stress as the dependent 
variable. In the first model, the independent variable is the Perceived Nature Score and in the 
second, the Detected Nature Score. This was done in order to compare the fit of each model and 
therefore their abilities to predict perceived Stress. The effects of Connectedness to Nature Scores 
and PSS-10 Scores on Stress were also investigated as covariates in both models, as they are both 
expected to have an effect on the levels of stress and therefore could be confounding variables. 
This is due to the fact that people with a higher Connectedness to Nature (CNN) score are expected 
to be more positively affected by higher amounts of nature than those with lower scores. However, 
the opposite can be seen in Figure 26 and Figure 27, where Stress is plotted against the DNS and 
the PNS, the overall trend being that the lower the CN score, the more negative the slope is. People 
with a higher PSS-10 score are on average, more stressed than those with a lower PSS-10 score. 
Therefore, this score is expected to have an effect on the overall stress level of an individual. This 
effect is quite pronounced in Figure 28 and 29, with the lower PSS-10 scores having lower 
intercepts than the higher scores.  
 

Equation 3: R model specification for hypothesis 2 (Perceived Nature Score) 

𝑆𝑡𝑟𝑒𝑠𝑠	~	𝑃𝑒𝑟𝑐𝑖𝑒𝑣𝑒𝑑	𝑁𝑎𝑡𝑢𝑟𝑒	𝑆𝑐𝑜𝑟𝑒 + 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑	𝑡𝑜	𝑁𝑎𝑡𝑢𝑟𝑒	𝑆𝑐𝑜𝑟𝑒 + 𝑃𝑆𝑆10	𝑆𝑐𝑜𝑟𝑒 + (1|𝑈𝑠𝑒𝑟	𝐼𝐷)	 
 

Equation 4: R model specification for hypothesis 2 (Detected Nature Score) 

𝑆𝑡𝑟𝑒𝑠𝑠	~	𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑	𝑁𝑎𝑡𝑢𝑟𝑒	𝑆𝑐𝑜𝑟𝑒 + 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑	𝑡𝑜	𝑁𝑎𝑡𝑢𝑟𝑒	𝑆𝑐𝑜𝑟𝑒 + 𝑃𝑆𝑆10	𝑆𝑐𝑜𝑟𝑒 + (1|𝑈𝑠𝑒𝑟	𝐼𝐷) 
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After running these 2 models the R2 values were compared in order to assess the fit of the models 
to determine whether the PNS or the DNS can more accurately predict stress levels. 
 

 
3 Results 

 
3.1 Area Covered and Assessment Type 
 

Area Covered was significantly predicted by the type of Assessment (B ± SE: 1.072 ± 0.055, 
p < .000). This effect was specified relative to the object detection data meaning that self-report 
data resulted in higher values on the 5-point scale compared to the object detection data. In the 
model, there was only a very small amount of variance that was explained by the User ID 
(Variance ± SD: 0.037 ± 0.193), this along with the almost negligible intraclass correlation (ICC: 
.037) indicates that there is little effect from the random slope. The relationship between type of 
Assessment and Area Covered is, therefore, in general the same across participants. Although the 

 
Figure 26: Relationship between Stress and DNS, 

showing the effects of CNN score 
 

Figure 27:  Relationship between Stress and PNS, 
showing the effects of CNN score 

 
Figure 28:  Relationship between Stress and DNS, 

showing the effects of PSS-10  score 
 

Figure 29:  Relationship between Stress and PNS, 
showing the effects of PSS-10 score 
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effect is small, likelihood ratio tests indicate that removing User ID would make the model 
significantly worse (p <.000). The result could indicate that the participants in general over-
estimated the presence of objects in the self-report compared to the object-detection model. The 
opposite may be true too, that the object-detection model under-estimated the presence of the 
elements. This result is in support of Hypothesis 1. 
 
3.2 The Effect of Element Type Burden on Differences in Self-Report and Object-

Detection  
 

In contrast to Hypothesis 1.1, The length of the questionnaire has no significant effect on 
the differences between the self-report and the object detection data (B ± SE: 0.208 ± 0.204, 
p < .322). This means that despite the increase in length, and therefore, burden level between the 
short and long questionnaire, there was no subsequent decrease in accuracy of the self-report. 
The type of element being detected also has no significant effect on the differences between the 
self-report and the object detection data (B ± SE: 0.032 ± 0.021, p < .136). There is no evidence of 
a random slope caused by grouping by participant (Variance ± SD: 0.1747 ± 0.1747). However, 
running likelihood ratio tests for both of these models shows that User ID is significant (p < .000) 
meaning that if it was omitted from the model it would become significantly worse.  
  
3.3 The Differences in Predictive Power Between Perceived Nature Score and 

Detected Nature Score 
 

The Perceived Nature Score (PNS) does not have a significant effect on stress levels 
(B ± SE: 0.025 ± 0.022, p < .260). In this model, the Connectedness to Nature scores have a 
negligible and insignificant effect on the stress levels (B ± SE: -0.008 ± 0.035, p < .830) which is 
in contrast to what was expected. The PSS-10 score, however, has a significant positive effect on 
stress levels (B ± SE: 0.083 ± 0.026, p < .006), this means that as the PSS-10 score of an individual 
increases, so does their daily stress levels. This is in line with what was expected.  

The Detected Nature Score (DNS) does not have a significant effect on stress levels either 
(B ± SE: -0.104 ± 0.081, p < .197). Although insignificant, it can be noted that the direction of the 
effect for DNS is in line with the previous literature, with the levels of nature having a negative 
effect on the levels of stress (as nature levels increase, stress levels decrease). The PNS however, 
has an opposite effect on stress levels. This will be discussed further in Section 4. In this model, 
the Connectedness to Nature scores also have a negligible and insignificant effect on the stress 
levels (B ± SE: -0.018 ± 0.037, p < .640). PSS-10 scores show a small but significant effect on 
stress levels as in the previous model (B ± SE: 0.081 ± 0.028, p < .010).  

When comparing the R2 values of the 2 models to compare their fits, it seems that when 
only considering the fixed effects, the Perceived Nature Score (R2m = 0.16) predicts Stress levels 
slightly better than the Detected Nature Score (R2m = 0.15). However, when considering the whole 
model with random effects included, Detected Nature Score (R2c = 0.41) predicts the Stress levels 
better than the Perceived Nature Score (R2c = 0.39). Since User ID is significant as a random effect 
in both models (p < .000), according to likelihood ratio tests, the R2c values are more 
representative of the fit of the models. 

A summary of all the results for the fixed and random effects can be found in Tables 7 and 
8. 
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Table 7: Summary of fixed effects  

Dependent Fixed Effect B (SE) t-value P Correlation 
 
 

Area Covered 

 
Intercept 

 
Assessment 

 

 
0.728(0.061) 

 
1.072(0.055) 

 
12.02 

 
19.54 

 
<.000 

 
<.000 

 

 
 
 

Difference 

 
Intercept 

 
Questionnaire Type 

 
Element 

 

 
1.270(0.167) 

 
0.208(0.204) 

 
0.032(0.021) 

 
7.600 

 
1.020 

 
1.491 

 
<.000 

 
.322 

 
.136 

 
 
 
-o.648 
 
-0.474    0.029 
 

 
 

Stress (PNS) 

 
Intercept 

 
PNS 

 
CN score 

 
PSS-10 

 

 
1.435(1.561) 

 
0.025(0.022) 

 
-0.008(0.035) 

 
0.083(0.026) 

 
0.920 

 
1.130 

 
-0.218 

 
3.142 

 

 
.370 

 
.260 

 
.830 

 
.006 

 
 
 
-0.154 
 
-0.933  0.084 
 
-0.507  0.041  0.195 

 
 

Stress (DNS) 
 

 
Intercept 

 
DNS 

 
CN score 

 
PSS-10 

 

 
2.185(1.672) 

 
-0.104(0.081) 

 
-0.018(0.037) 

 
0.081(0.028) 

 

 
1.307 

 
-1.293 

 
2.886 

 
-0.476 

 

 
.208 

 
.197 

 
.640 

 
.010 

 

 
 
 
-0.196 
 
-0.933  0.119 
 
-0.497  0.002  0.188 

 
 
Table 8:  Summary of random effects 

Dependent Groups Variance (SD) ICC LRT(p) 
 
 

Area Covered 

 
User ID 

 
Residuals 

 

 
0.037(0.193) 

 
0.960(0.980) 

 
 

.037 

 
 

20.804(<.000) 

 
 

Difference 

 
User ID 

 
Residuals 

 

 
0.175(0.418) 

 
0.731(0.855) 

 
 

.193 

 
 

59.660(<.000) 

 
 

Stress (PNS) 

 
User ID 

 
Residuals 

 

 
0.562(0.750) 

 
1.498(1.223) 

 
 

.273 

 
 

31.208(<.000) 

 
 

Stress (DNS) 
 

 
User ID 

 
Residuals 

 

 
0.663 (0.814) 

 
1.480(1.216) 

 
 

.309 

 
 

36.185 (<.000) 
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4 Discussion 

 
The aims of this study were to explore 1) the differences between self-reported nature 

levels and nature levels detected by object detection 2) the effect that burden levels of the 
questionnaire had on these differences and 3) whether or not object detection data could better 
predict stress levels. The results obtained from this study must be interpreted with caution and a 
number of limitations should be borne in mind. Results showed that there is a significant 
difference between the self-reported nature scores and the nature scores given by the object-
detection model, with the nature scores given in the self-report being much higher than those 
detected by the object detection model. This result is in support of previous papers that have found 
significant differences between self-report data and actual data. Most of these previous studies 
explore these differences within the realm of sensitive data i.e., weight, height, gambling 
tendencies and time spent on the internet (Gorber et al., 2007; Junco, 2013; Patel et al., 2013; 
Shaffer et al., 2010). Since amount of nature does not classify as sensitive data, it seems that these 
differences can be found regarding non-sensitive data too. A main reason for these differences is 
the subjectivity that is inherent with self-report. This subjectivity can be seen when more closely 
investigating some images that show higher differences between the self-report and the object 
detection scores, as illustrated in Figure 30 and 31. In both of these images, the participants gave 
the tree element a score of 3 on the 5-point scale. In contrast, the object detection model gave 
Figure 30 a score of 2 and Figure 31 a score of 1 for trees (the green detection boxes show where 
the model detected the trees). When comparing these 2 images it is clear that Figure 30 has a 
higher presence of trees in comparison to Figure 31. The self-report data fails to illustrate this 
difference due to the differences in the subjective perception of the presence of trees for each 
participant. The object detection data on the other hand illustrates this difference by assigning 
different tree scores to each image. It is for this reason that object detection data was expected to 
predict stress levels better than self-report data. However, a limitation that could have inflated 
these differences is the use of a 5-point scale. In future work, using a continuous scale in the self-
report from 0-100 to reflect the percentages of area covered in the object detection output may 
lead to more accurate results. 

 

Figure 30: Image submitted by a participant with a self-reported tree 
score of 3 and an object detection score of 2 

 

Figure 31: Image submitted by a 
participant with a self-reported tree 

score of 3 and an object detection score 
of 1 
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The results showed no significant effect of the questionnaire length on the differences 
between self-report and object detection data. This is in contrast to previous literature, which 
suggests that higher levels of burden cause participant fatigue and in turn, decrease the accuracy 
of the self-report data (Burke et al., 2017). The lack of an effect could possibly be attributed to the 
difference in burden between the short and the long questionnaire being too small. The results of 
questions in the concluding survey (Questions 3.4 and 3.5 in the Appendix), which address the 
perceived burden levels of the 2 questionnaire variants resulted in similar values. Both questions 
were evaluated on a 7-point Likert scale with a higher value corresponding to higher perceived 
burden. Question 3.4, indicating how bothersome the participants found the number of questions 
in the survey, had a mean of 3.4 (SD = 1.2) for the short variant and a mean of 3.4 (SD = 1.8) for 
the longer variant. Question 3.5, indicating how bothersome they found the entire study, had a 
mean of 2.8 (SD = 1.7) for the short variant and a mean of 2.3 (SD = 0.5) for the longer variant. 
These values are very similar and show a small difference in the perceived burden of the 2 variants.  
Future work that aims to explore the effect that burden levels have on the accuracy of self-report 
data should have a significantly larger difference between the low and the high burden conditions. 

Despite the fact that there was no significant effect of the length of the questionnaire on 
the differences between self-report and object detection data, the number of responses between 
them varied quite drastically, with the short variant having 277 responses compared to only 158 
responses in the longer version (this was preceding the data cleaning). This issue of adherence to 
the study is explored further in the supporting paper by van Vlokhoven (2021). The effect of 
element type on the differences between self-report and object-detection scores was also tested in 
order to explore the possibility of, for example, the object detection model being especially weak 
at detecting certain elements. However, no significant effect was found. 

Connectedness to Nature scores showed no significant effect on stress levels. In contrast 
the PSS-10 scores seem to be able to significantly predict daily stress levels, with a higher PSS-10 
score resulting in higher levels of stress in general. Although the results were insignificant, it can 
be noted that the Perceived Nature Score shows a small positive effect on Stress, meaning that as 
the perceived presence of nature increases, so does the level of stress. This is the inverse effect to 
what was expected based on the previous research which shows that the presence of nature 
decreases stress levels (Ulrich, 1979; Ulrich et al., 1991; Valtchanov et al., 2010). On the other 
hand, the Detected Nature Score shows a small negative effect on Stress, weakly supporting the 
findings of previous Literature. A limitation that could have effected these results was the fact that 
the level of stress was measured via self-report and not by physiological stress indicators. The 
limitations of self-report data have been discussed in the introduction section of this paper. It was, 
unfortunately, not possible to measure these stress indicators; such as skin conductance and 
heartrate. This was due to the lack of available equipment, the online nature of the study as well 
as the length of the study. Since the purpose of this study was to explore the difference between 
subjective self-report data and objective data (in this case from a neural network) it would be 
beneficial to also explore this within the scope of perceived versus measured stress. Future 
developments in this field of research could take advantage of the latest innovation in unobtrusive 
sensing in order to retrieve physiological stress data and improve upon the current findings.  

A second limitation that could have affected these results is the small sample size that was 
used in this study. This resulted in a small amount of images submitted by the participants and 
since a percentage of these images were used to further train the object detection model, the model 
optimization was limited. With such a small sample size the model was likely underfitted to the 
data, resulting in inaccuracies in the detections. This underfitting could be noticed especially with 
the plant element. The model seemed to be underfit for this element, resulting in a number of 
misdetections as shown in Figure 32. With a larger sample size, a model can be trained for longer 
and these inaccuracies can be mitigated. In regard to the accuracy of the object detection model, 
the relatively small set of images used to initially train the model also acted as a limitation. The 
highest performing models require hundreds of thousands of images to become extremely 
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accurate. However, collecting and labelling training images can be an extremely time consuming 
task that requires copious amounts of storage as well as long training times and powerful GPU’s. 
Due to time, storage, and processing power constraints, collecting a larger set of training images 
was not feasible for this study. Even without these constraints, there is also the limitation given 
by the small availability of images that are free to use online, as most images are copyrighted. A 
future improvement for this study would be to gather and label a much larger dataset, use an 
existing dataset or to apply data augmentation (Wang & Perez, 2017). Data augmentation is the 
process of increasing an image training set by cropping, flipping and rotating images that already 
exist in the training set. This process has shown great results and would yield a significant 
improvement on the limiting size of the training dataset. Another improvement that could be 
made in future work is to use the evaluation metric of mean Average Precision (mAP) on the object 
detection model instead of the loss. mean Average Precision is more indicative of the accuracy of 
the model. However, due to technical issues, the model was not evaluated using this metric. 
Despite these limitations, these results show a promising primary outcome for the use of objective 
object-detection data instead of subjective-self report data when evaluating the amount of nature 
in participants views, and perhaps in future work where these limitations can be overcome, more 
concrete results can be obtained. 

 

 

Figure 32: Misdetection with bounding box representing the detection of a plant 

The small sample may have affected the study in other aspects too. Since the sample was 
relatively homogenous, as the JFS participant database largely consists of students and 
specifically students from a technical university. This may have led to a sampling bias and the 
results may not reflect the general population as the participants cannot be considered a random 
sample. Furthermore, the research was conducted during the COVID-19 pandemic and this 
brought about some limitations. Firstly, as previously mentioned, the EMA was performed 
completely online through MetricWire. The fact that it was not possible to meet in person with 
the participants of the study for the debriefing and instructions for the EMA, resulted in this 
information being sent in the form of text and an information video. This method is inferior to an 
in person debriefing as there is no guarantee that the participants understood or even watched or 
read the instructions and in addition, asking questions is also much more difficult. The results of 
this limitation may have affected the quality of the data that was submitted by the participants 
due to lack of understanding. The effects of this limitation can be seen in Figure 33 and Table 9 
where the participant filled in the checklist indicating that animals, bushes, fields, plants, flowers 
and trees were present in their view, however, the image that was submitted contained only a dog. 
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 Table 9: Self-report and object detection scores given to the image shown in Figure 33 

 
 
 
 
 
 
 
 

 
  
 
The view that was specified to the participants to consider when filling in the daily 

questionnaire was the view that could fit between their hands when their arms were outstretched 
and bent at a 90 degree angle (as described in Section 2.3). Although this is the primary view 
which a person attends to, it is only a small fraction of the view which a person is exposed to. This 
limits the view to such an extent that it completely disregards the peripheral view of a person, 
which may also have some effect on them. In the concluding questionnaire (Question 3.2 in the 
Appendix), the participants were asked to quantify on a 7-point Likert scale how often they had a 
window with a view to outside that was not in their direct view but was still visible. The mean 
response to this question was 3.31 (SD =1.3), indicating that this was, to some extent, a limitation 
of this research. However, due to the current technology, it was decided that limiting the view to 
a specific area was the best decision in order to be able to fairly compare self-report and object 
detection data. In future work panoramic images, multiple images, or even video input could be 
explored as the input of the object detection model instead of a single image in order to maximize 
the view that is being considered.  

 
Figure 33: Image submitted in which the self-report indicated that the elements animal, bush, tree, flower, plant, 
and field were present. The object detection model correctly identified the animal as shown by the bounding box 

  
 
 
 
 

Element Self-Report Score Object-Detection 
Score 

Animal 4 4 
Bush 3 0 
Field 4 0 

Flower 1 0 
Plant 3 0 
Tree 3 0 

Water 0 0 
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5 Conclusion 
 

This paper explored the differences in subjective, self-reported perception of the presence of 
natural elements in a view by comparing it to photographs of the same view. The same natural 
elements in the photographs were assigned scores by an object detection model based on 
convolutional neural networks. The study built upon previous research suggesting that higher 
presence of nature results in lower stress levels. However, much of this previous research was 
conducted using virtual environments or in laboratories and therefore the results did not 
adequately reflect real life situations. In order to improve upon previous literature, a 9-day 
repeated measures smartphone-based Ecological Momentary Assessment (EMA) was used in 
order to collect dynamic and ecologically valid data. However, although EMA improves the 
validity of the data collected due to a reduction in recall bias, there are still limitations caused by 
high burden of the repeated assessments and the reliance of EMA on self-report. The aim was, 
therefore, to prove that using objective rather than subjective nature scores would improve the 
prediction of stress levels.  

The differences between scores given on a 5-point scale, representing the presence of 7 natural 
elements, depending on the type of assessment (either self-report or object-detection) were 
explored. It was found that there was a significant difference between the scores given by each 
assessment method, with self-report resulting, on average, in higher scores than object detection. 
This was consistent over participants. The effects of burden level on these differences were also 
considered, however, there was no significant effect found. This could possibly be attributed to 
the difference between burden levels being too small. The type of element also showed to have no 
effect on these differences, providing some evidence that the model was not particularly bad at 
detecting certain elements. The effects of confounding variables were also explored, with only the 
PSS-10 scores showing a significant effect on the stress levels. Finally, the differences between the 
abilities of the self-reported nature scores and the scores given by the object detection model to 
predict stress levels were assessed. The results showed that, considering the differences between 
individuals, the objective object detection data could better predict the levels of stress.  

Due to the educational nature of this research, there were a number of limitations that could 
not be overcome. However, in a field where there has not been much research, this paper provides 
some promising first results for future work to build upon. 
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Appendix 

 
3. Primary Questionnaire 

 
Demographics 

1.1. What is your age? 
1.2. With which gender do you associate yourself the most?  

a. Male 
b. Female  
c. Other 
d. Prefer not to say 
e. I do not (currently) identify with a gender 
 

Studying patterns 
1.3. During which hours do you study typically?  

(From xx:xx to yy:yy)  
1.4. Where do you study and how often? 

 
Scale 1: Scale used for question 1.4 a,b and c 

 
 

 
 
 
 
 
 
 
 

a. Home 
b. Campus 
c. Other (please specify) 

 
Depression levels: Beck Depression Inventory (BDI-II) (Beck et al., 1996) 

You are going to see 21 groups of statements. Please read each group of statements 
carefully. And then pick out the one statement in each group that best describes the way you 
have been feeling during the past two weeks, including today. If several answers seem to apply 
equally well, choose the bottom-most from you possible answers. 
 

1.5. Sadness 
1. I do not feel sad. 
2. I feel sad much of the time. 
3. I am sad all the time. 
4. I am so sad or unhappy that I can’t stand it. 

1.6. Pessimism 
a. I am not discouraged about my future 
b. I feel more discouraged about my future than I used to. 
c. I do not expect things to work out for me. 
d. I feel my future is hopeless and will only get worse. 

1 2 3 4 5 

never rarely sometimes quite often 
I do all my 
studying 

there 
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1.7. Past Failure 
a. I do not feel like a failure. 
b. I have failed more than I should have. 
c. As I look back, I see a lot of failures. 
d. I feel I am a total failure as a person. 

1.8. Loss of Pleasure 
a. I get as much pleasure as I ever did from the things I enjoy. 
b. I don’t enjoy things as much as I used to. 
c. I get very little pleasure from the things I used to enjoy. 
d. I can’t get any pleasure from the things I used to enjoy. 

1.9. Guilty Feelings 
a. I don’t feel particularly guilty. 
b. I feel guilty over many things I have done or should have done. 
c. I feel quite guilty most of the time. 
d. I feel guilty all of the time. 

1.10. Punishment Feelings 
a. I don’t feel I am being punished. 
b. I feel I may be punished. 
c. I expect to be punished. 
d. I feel I am being punished. 

1.11. Self-Dislike 
a. I feel the same about myself as ever. 
b. I have lost confidence in myself. 
c. I am disappointed in myself. 
d. I dislike myself. 

1.12. Self-Criticalness 
a. I don’t criticize or blame myself more than usual. 
b. I am more critical of myself than I used to be. 
c. I criticize myself for all of my faults. 
d. I blame myself for everything bad that happens. 

1.13. Suicidal Thoughts or Wishes 
a. I don’t have any thoughts of killing myself. 
b. I have thoughts of killing myself, but I would not carry them out. 
c. I would like to kill myself. 
d. I would kill myself if I had the chance. 

1.14. Crying 
a. I don’t cry anymore than I used to. 
b. I cry more than I used to. 
c. I cry over every little thing. 
d. I feel like crying, but I can’t. 

1.15. Agitation 
a. I am no more restless or wound up than usual. 
b. I feel more restless or wound up than usual. 
c. I am so restless or agitated, it’s hard to stay still. 
d. I am so restless or agitated that I have to keep moving or doing something. 

1.16. Loss of Interest 
a. I have not lost interest in other people or activities. 
b. I am less interested in other people or things than before. 
c. I have lost most of my interest in other people or things. 
d. It’s hard to get interested in anything. 

1.17. Indecisiveness 
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a. I make decisions about as well as ever. 
b. I find it more difficult to make decisions than usual. 
c. I have much greater difficulty in making decisions than I used to. 
d. I have trouble making any decisions. 

1.18. Worthlessness 
a. I do not feel I am worthless. 
b. I don’t consider myself as worthwhile and useful as I used to. 
c. I feel more worthless as compared to others. 
d. I feel utterly worthless. 

1.19. Loss of Energy 
a. I have as much energy as ever. 
b. I have less energy than I used to have. 
c. I don’t have enough energy to do very much. 
d. I don’t have enough energy to do anything. 

1.20. Changes in Sleeping Pattern 
a. I have not experienced any change in my sleeping. 
b. I sleep somewhat more than usual. 
c. I sleep somewhat less than usual. 
d. I sleep a lot more than usual. 
e. I sleep a lot less than usual. 
f. I sleep most of the day. 
g. I wake up 1-2 hours early and can’t get back to sleep. 

1.21. Irritability 
a. I am not more irritable than usual. 
b. I am more irritable than usual. 
c. I am much more irritable than usual. 
d. I am irritable all the time. 

1.22. Changes in Appetite 
a. I have not experienced any change in my appetite. 
b. My appetite is somewhat less than usual. 
c. My appetite is somewhat greater than usual. 
d. My appetite is much less than before. 
e. My appetite is much greater than usual. 
f. I have no appetite at all. 
g. I crave food all the time. 

1.23. Concentration Difficulty 
a. I can concentrate as well as ever. 
b. I can’t concentrate as well as usual. 
c. It’s hard to keep my mind on anything for very long. 
d. I find I can’t concentrate on anything. 

1.24. Tiredness or Fatigue 
a. I am no more tired or fatigued than usual. 
b. I get more tired or fatigued more easily than usual.  
c. I am too tired or fatigued to do a lot of the things I used to do. 
d. I am too tired or fatigued to do most of the things I used to do. 

1.25. Loss of Interest in Sex 
a. I have not noticed any recent change in my interest in sex. 
b. I am less interested in sex than I used to be. 
c. I am much less interested in sex now. 
d. I have lost interest in sex completely. 
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Stress: PSS-10 (Cohen et al., 1983) 
Next you will see a scale of 10 elements, which asks you about your feelings and 

thoughts during the last month. In each case, you will be asked to indicate how often you felt or 
thought a certain way. 
 
Scale 2: Used for questions 1.26-1.35 

1 2 3 4 5 
Never Almost never Sometimes Fairly often Often 

 

1.26. In the last month, how often have you been upset because of something that happened 
unexpectedly? 

1.27. In the last month, how often have you felt that you were unable to control the 
important things in your life? 

1.28. In the last month, how often have you felt nervous and “stressed”? 
1.29. In the last month, how often have you felt confident about your ability to handle your 

personal problems? 
1.30. In the last month, how often have you felt that things were going your way? 
1.31. In the last month, how often have you found that you could not cope with all the things 

that you had to do? 
1.32. In the last month, how often have you been able to control irritations in your life? 
1.33. In the last month, how often have you felt that you were on top of things? 
1.34. In the last month, how often have you been angered because of things that were outside 

of your control? 
1.35. In the last month, how often have you felt difficulties were piling up so high that you 

could not overcome them? 

Natural connectedness (Mayer & Frantz, 2004) 
The next 14 elements have to do with your connectedness to nature. Please answer each 

of these questions in terms of the way you generally feel. There are no right or wrong answers. 
In the space provided in each question simply state as honestly and candidly as you can what 
you are presently experiencing. 
 
Scale 3: Used for questions 1.36-1.57 

1 2 3 4 5 
Strongly disagree 

 
Neutral 

 
Strongly agree 

 
1.36. I often feel a sense of oneness with the natural world around me. 
1.37. I think of the natural world as a community to which I belong. 
1.38. I recognize and appreciate the intelligence of other living organisms. 
1.39. I often feel disconnected from nature. 
1.40. When I think of my life, I imagine myself to be part of a larger cyclical process of living. 
1.41. I often feel a kinship with animals and plants. 
1.42. I feel as though I belong to the Earth as equally as it belongs to me. 
1.43. I have a deep understanding of how my actions affect the natural world. 
1.44. I often feel part of the web of life. 
1.45. I feel that all inhabitants of Earth, human, and nonhuman, share a common ‘life force’. 
1.46. Like a tree can be part of a forest, I feel embedded within the broader natural world. 
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1.47. When I think of my place on Earth, I consider myself to be a top member of a hierarchy 
that exists in nature. 

1.48. I often feel like I am only a small part of the natural world around me, and that I am no 
more important than the grass on the ground or the birds in the trees. 

1.49. My personal welfare is independent of the welfare of the natural world. 
 
Self-efficacy scale (NGSE) (Chen et al., 2001) 
 Lastly please indicate how much you agree with the following 8 statements. 
 

1.50. I will be able to achieve most of the goals that I have set for myself.  
1.51. When facing difficult tasks, I am certain that I will accomplish them.  
1.52. In general, I think that I can obtain outcomes that are important to me. 
1.53. I believe I can succeed at most any endeavor to which I set my mind.  
1.54. I will be able to successfully overcome many challenges.  
1.55. I am confident that I can perform effectively on many different tasks.  
1.56. Compared to other people, I can do most tasks very well.  
1.57. Even when things are tough, I can perform quite well. 

 
2. Daily Questionnaire (Both Variants) 

 
Stress 

2.1. Before you read this message, how stressed were you feeling? 
 
Scale 4: Used for question 2.1  

1 2 3 4 5 6 7 
Not at all 

  
Moderate 

  
Very 

 

Checklist (Beute & de Kort, 2018) 
(Please note that (*) indicates the element was only present in the long version of the 
questionnaire) 

You are going to see 20 elements. Please indicate for each one how much they take up of 
your view in front of you at this moment.The view in front of you includes everything between 
your arms when your raise them at shoulder level and bend your elbows 90 degrees. 

 
Scale 5: Used for questions 2.2-2.21 

1 2 3 4 5 
Not Present Barely present Somewhat present Very present Extremely present 

 
Please indicate, for each item, how much it takes up your view at this moment: 
 

2.2. Window with a view to outside 
2.3. Tree 
2.4. Grass 
2.5. Flower 
2.6. Bushes 
2.7. Body of Water 
2.8. Plants (indoor & outdoor) 
2.9. Field 
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2.10. Animal 
2.11. Daylight 
2.12. Building* 
2.13. Pavement* 
2.14. Traffic Light* 
2.15. TV* 
2.16. Table*  
2.17. Car* 
2.18. Chair* 
2.19. Computer* 
2.20. Artificial Light that is switched on* 
2.21. Roof or Canopy above you* 

 
Photograph 

Take a picture of your current view, straight forward, make sure to include all 
elements which you indicated on the preceding checklist, you may step backwards if necessary. 
Please make sure no recognizable faces are present in the photograph. 
 
Current activity (Beute & de Kort, 2018) 
 

2.22. Did this questionnaire interrupt you from studying or from a break from studying? 
Yes/No 

 
Self-efficacy scale  
(only show this if the person has answered previously that they are currently studying) 
 

2.23. Which of the following options describes your task best: 
a. Reading literature 
b. Doing lab work 
c. Watching a lecture 
d. Working on exercises 
e. Working on an assignment 
f. Taking a quiz 
g. Preparing for a meeting 
h. Being in a meeting 
i. Going through notes 
j. Going through slides 
k. Other:  

 
2.24. To which of the following departments does the subject of your task belong to: 

a. Innovation Sciences 
b. Idustrial Engineering 
c. Mathematics 
d. Computer science 
e. Applied Physics 
f. Mechanical Engineering 
g. Electrical Engineering 
h. Chemical Engineering  
i. Built Environment 
j. Biomedical Engineering 
k. Industrial Design 
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l. Data Science 
m. Other 
 

2.25. How difficult would you rate the task you are currently doing: 
 
Scale 6: Used for question 2.25 

1 2 3 4 5 
Not at all 

   
Very difficult 

 
 

2.26. To which extent do you agree with the following statement:  
“I believe that I can successfully accomplish my current task, if I set my mind to it” 

 
Scale 7: Used for question 2.26 

1 2 3 4 5 
Strongly disagree 

 
Neutral 

 
Strongly agree 

 
Final questions 
 
Scale 8: Used for questions 2.27-2.29 

1 2 3 4 5 
Not at all 

 
Moderate 

 
Very  

 
 

2.27. How disturbing is filling out a questionnaire right now? 
2.28. How much effort did this questionnaire cost you? 
2.29. How stressed are you feeling now?  

 
 

3. Concluding Questionnaire  
 

Scale 9: Used for questions 3.1-3.7 

 
 
 

 
 

3.1. Do you feel you became more aware of your current surroundings during your study? 
3.2. How often was there a window close to you that was not included in the checklist 

because it was out of arms reach 
3.3. How bothersome did you find the number of pings for the daily surveys? 
3.4. How bothersome did you find the duration of the study? 
3.5. How bothersome did you find the number of questions in the daily questionnaire? 
3.6. How disturbing was the overall experience of the study? 
3.7. Did you feel like quitting during the study? 
3.8. Do you think your willingness to fill inthe daily questionnaires dropped during the 

study? 

1 2 3 4 5 6 7 
Not at all 

  
Moderate 

  
Very 
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3.9. What were the main reasons for missing questionnaires? (more than one option 
available) (van Genugten et al., 2020) 

a. Being busy with an activity 
b. No network connection 
c. Being asleep 
d. Technical problems 
e. Not hearing the smartphone 
f. Not bringing the smartphone 
g. Could not make themselves do it 
h. Other reason 
i. Did not miss any questionnaires 

3.10. Do you have any other remarks for the researchers about this study or otherwise? 
(open question) 

 
 


