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Abstract: Time-activity patterns are an essential part of personal exposure assessment to various
environmental factors. People move through different environments during the day and they have
different daily activity patterns which are significantly influenced by individual characteristics and
the residential environment. In this study, time spent in different microenvironments (MEs) were
assessed for 125 participants for 7 consecutive days to evaluate the impact of individual characteristics
on time-activity patterns in Kaunas, Lithuania. The data were collected with personal questionnaires
and diaries. The global positioning system (GPS) sensor integrated into a smartphone was used
to track daily movements and to assess time-activity patterns. The study results showed that
behavioral and residential greenness have a statistically significant impact on time spent indoors.
These results underline the high influence of the individual characteristics and environmental factors
on time spent indoors, which is an important determinant for exposure assessment and health impact
assessment studies.
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1. Introduction

Exposure assessment is essential for determining the relationship between various environmental
factors and health effects [1,2]. One of the biggest challenges facing environmental epidemiology
recently is the dynamic nature of exposure [3]. Individuals constantly move in time and space and
a better understanding of time-activity patterns according to different demographic, socioeconomic
and environmental variables is relevant to improve health impact assessment [4,5]. Several studies
comparing time-activity patterns and the role of individual-level characteristics on these patterns
have revealed significant variations between demographic and socioeconomic factors such as age,
gender, employment status, income, education, and race/ethnicity [6,7]. Recently, Matz et al. [8] have
found significant differences in the daily time-activity patterns between rural and urban populations.
Therefore, in order to avoid exposure measurement errors and more accurately determine the
relationship between environmental factors and health effects, it is necessary to take into account
time-activity patterns.

Recent epidemiological research focuses on sensor technologies such as smartphones,
global positioning system (GPS) devices and accelerometers to assess individual-level exposures and
biological responses [9,10]. The use of these technologies helps to capture individuals’ time-activity
data considering all microenvironments (MEs) in which people spend their time [11]. GPS device
allows to track and to monitor people’s daily movements and commuting patterns and provides
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information about geographic coordinates, time, distance, speed, altitude [12]. GPS tracking devices
are used in combination with travel/activity diaries or accelerometer to improve the measurements of
daily movement patterns and exposure assessment [13,14]. GPS technology reduces the measurement
bias and collects more precise data of time-activity patterns compared to traditional self-reported
surveys [15].

One of the approaches to assessing human exposure is based on the concept of microenvironments
suggested by Duan [15]. People spend their daily time in various MEs and they are exposed to different
environmental exposures in each of them, so it is necessary to classify MEs into categories. The most
frequently used MEs categories for exposure studies are home, work/ school, other indoor, outdoor,
and transport [16–18]. According to the World Health Organization many European citizens spend,
on average, 90% of their time indoors: at home (two-thirds of this time), at work, at school and in public
places [19]. A study by Schweizer et al. [20] investigated time-activity patterns in seven regions across
Europe and the results showed that more than 90% of the variance in indoor time-activity patterns
originated from differences between subjects rather than between cities. Therefore, this study is more
focused on indoor MEs, where people tend to spend most of their time and we aim to determine the
most important factors influencing time spent indoors.

Previous studies have emphasized the importance of taking into account time-activity patterns
for assessing physical activity, exposure to environmental factors, and health effects, but there is a lack
of research linking behavioral characteristics and environmental factors to time spent indoors. It is
also important to find out which factors are most important and which subgroups of the population
are more susceptible to exposure misclassification. Residential greenness and noise concentration
were selected as environmental factors to evaluate how they may influence peoples’ behavior and
time-activity patterns. We have a preliminary hypothesis that green spaces may promote people to
spend more time outdoors. On the contrary, a higher outdoor noise level can cause people to spend
more time indoors.

In this paper, we present the results on the use of GPS integrated into smartphones that
continuously records an individual’s time and location data and allows us to assess time-activity
patterns. The main aim of this paper is to evaluate the impact of individual characteristics and
environmental factors on time-activity patterns and time spent indoors among the urban adult
population in Kaunas, Lithuania.

2. Materials and Methods

2.1. Selection of Study Population and Study Design

A total of 4672 adults were randomly selected and invited by mail to fill out a postal questionnaire
and to participate in the study in Kaunas city, Lithuania. Responses to the postal questionnaires were
received from 1141 individuals.

The data were collected in two steps in the study population: a questionnaire survey among all
participants and a subsample of 125 people (smartphone study) who had completed the questionnaire
survey as well. A total of 125 participants were randomly selected from all study population of Kaunas
cohort (n = 1141) aged 20–85 years to participate in a smartphone study using objective measures and
standardized questionnaires to assess their individual daily time-activity patterns using GPS data and
geographic information system. The survey was conducted between May and October. The schematic
design of this study is shown in Figure 1. Ethics approval was obtained for all aspects of the study by
the Kaunas Regional Biomedical Research Ethics Committee (Approval No. BE-2-16).
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or alter their behavior. The only activities during which the device was not wearied was sleeping, 
workout and bathing and these non-wear intervals and other relevant information were identified 
and reported on the weekly diary. GPS data were reviewed before collecting the devices from the 
study participants as well as the weekly activity and the wear time of the device of each participant 
were checked. There were 3 participants who needed to repeat the survey due to improper data 
collection. 

The smartphone with an integrated GPS sensor was used to track the time and location data of 
the study participants for 7 consecutive days (Figure 2). The Android operating system of 
smartphones is well-suited for localization due to its support of diverse sensors and hardware which 
enable localization and can collect data on the geographical location through GPS to obtain 
information on time spent in different environments (Figure 3). GPS satellite data were recorded 
using the triangulation method (data recorded once per second (1 Hz)). The file with summary 
information was displayed every 10 s and stored on the phone’s memory card. 
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Figure 1. The study design.

2.2. Time-Activity Pattern Assessment

The participants carried a compact waist belt with a smartphone (Samsung Galaxy Mini,
developed by the Korean manufacturer Samsung Electronics) with integrated GPS sensor, which
did not restrict movement and did not result in any bias. After finishing the study, none of the
participants mentioned that the device had any impact on their daily activities, interfered with them
or alter their behavior. The only activities during which the device was not wearied was sleeping,
workout and bathing and these non-wear intervals and other relevant information were identified and
reported on the weekly diary. GPS data were reviewed before collecting the devices from the study
participants as well as the weekly activity and the wear time of the device of each participant were
checked. There were 3 participants who needed to repeat the survey due to improper data collection.

The smartphone with an integrated GPS sensor was used to track the time and location data of the
study participants for 7 consecutive days (Figure 2). The Android operating system of smartphones is
well-suited for localization due to its support of diverse sensors and hardware which enable localization
and can collect data on the geographical location through GPS to obtain information on time spent in
different environments (Figure 3). GPS satellite data were recorded using the triangulation method
(data recorded once per second (1 Hz)). The file with summary information was displayed every 10 s
and stored on the phone’s memory card.
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Figure 3. The GPS tracking data of one participant (different colors represents different microenvironments);
background shading is the orthophoto map of Kaunas city.

Participants were asked to complete a daily diary for one week to record the time they put on or
take the phone off, the reasons for not having the phone on and the type of activity that they were
doing. In the analysis, these data were used to determine the wear time of the device, to avoid mistakes
and inaccuracies when the device is left or not wearied.

GPS coordinates, time, locations, and activities were analyzed and reviewed manually to ensure
that the correct activity was assigned. Each individual data point was assigned to one of the six
locations/activities and additional contextual information such as MEs was added. Based on the GPS
data analysis, six locations/activities (home, work, other indoor, static outdoor, walking, in transit)
were identified for each study participant to assess individual time–activity patterns [3,9,12,21,22].

The home and work addresses of the participants were obtained from a questionnaire survey and
were geocoded using ArcGIS. Geocoding was performed to obtain latitude and longitude coordinates
for each participant’s home and work addresses. Initially, 95% of the records were matched and 5%
were left unmatched. All unmatched records were reviewed and corrected, leading to another 5%
matched addresses. Data of geographic coordinates and time from smartphones were transferred
to ArcGIS software and used for the MEs analysis. A spatial join was performed to assign the
attributes of one data layer (geographic coordinates point) to the attributes of the other layers
(buildings, streets, pathways). A spatial analysis of the collected data was performed using ArcGIS 10.3
software, topographic and orthophoto maps (http://www.maps.lt/en/) and building (Open Street
Map (2014)) layers.

The indoor time was determined by analyzing GPS data with ArcGIS software using buildings,
transport network, orthophotos, and other layers. In the analysis, when a person enters a building,
the GPS signal disappears, thus setting the starting time indoors and when the person leaves the
building, the GPS signal starts up again, thus, setting the end time indoors. A GPS signal is lost in
all indoor MEs and while analyzing the building layer it was determined that a person was inside
the building.

The time data were summarized to 1-min intervals for each microenvironment (ME) and then
one-week (7 days) weekday and weekend average daily minutes spent in each ME were computed.
Time indoors as an outcome was categorized into two groups: lower than the median (a reference

http://www.maps.lt/en/
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group) and higher than the median. The median value was 22.3 h, the minimum and maximum time
spent indoors was 12.28 and 23.54 h, respectively. There was no missing data in the outcome.

2.3. The Assessment of Individual Characteristics and Other Factors among Adults

The standardized questionnaire included questions on demographics, socioeconomic factors,
physical activity (walking in leisure time, bicycle use), car disposal, smoking habits, health status
(chronic diseases), and other variables. Questions were derived from existing and validated
questionnaires, some of which were adapted for specific study objectives. We also asked the
study participants to report their age (<45; 45–64; 65+), gender, marital status (married, divorced,
single, or widowed), educational level (secondary school or university degree), occupational status
(working full-time; working part-time, student; or unemployed, retired, others), income (lower than
average, or higher than average; average income in 2013 in Kaunas city was 825 Eur), body mass index
(<25 kg/m2, 25–30 kg/m2, or >30 kg/m2), chronic disease, smoking (non-current smoker, or current
smoker), walking in leisure time, bicycle use and car disposal. Residential greenness was identified by
questionnaire response about the amount of greenery in the living environment. This variable was
coded into binary as very/fairly green living environment and little/not at all.

The noise concentration of each ME for the study participants was assigned using the ArcGIS
software. Geographic coordinate data of MEs were spatially joined with average annual noise
concentration and noise level for each ME was computed. The Spatial Analyst tool was used
for this analysis. The noise concentration values of a raster noise map were extracted based on
the GPS points of each MEs and were recorded in the attribute table of an output feature class.
The modeled noise map was obtained from Kaunas city municipality. The continuous variables of
noise concentration for each ME were categorized into two groups: (1) lower than the median; (2) higher
than the median. The median noise concentration value of the home was 49.7 dBA, work = 51.8 dBA,
other indoor = 55.9 dBA, outdoor = 56.6 dBA, walking = 55.7 dBA, in transit = 61.4 dBA. Indoor MEs
(home, work and other indoor locations) noise concentration was also divided into two groups:
(1) lower than the median = <52.6 dBA; (2) higher than the median >52.6 dBA.

2.4. Statistical Analysis

To compare the means for two or more than two groups t-tests, ANOVA and, in the case of small
samples or if the data were not normally distributed, a Mann–Whitney U test or Kruskal–Wallis test
were performed.

Pre-processing was performed to manage multi-collinearity between independent variables.
Firstly, a correlation analysis was performed and the correlation coefficients among the variables
were used to identify the presence of multicollinearity. The high correlation coefficients indicate that
there is a multicollinearity between variables. Secondly, the collinearity statistics (variance inflation
factor and tolerance) were calculated using linear regression models. Thirdly, from two independent
variables between which the collinearity was detected and the correlation coefficient was greater
than 0.6, only the variable with a stronger correlation with the dependent variable was left in the
analysis. Logistic regression models were used to investigate the association between the time spent
in different microenvironments, the time spent indoors, and independent variables (gender, age,
occupational status, BMI, chronic disease, walking in leisure time, bicycle use, car disposal, residential
greenness, noise concentration). The results are presented as odds ratios (ORs) with 95% confidence
intervals (CIs). The testing of the statistical hypothesis was done at 0.05 significance level. In this study,
the factor was considered a confounder if it changed the adjusted OR estimate from the crude estimate
by approximately 10% and based on the significance criterion [23–25]. All statistical analyses were
performed using the IBM SPSS software version 22.0 (IBM Corp., Armonk, NY, USA, 2013).

The creation of the map, the combination of the data layers, and the other spatial analyses of the
collected data were performed using the ArcGIS software (version 10.3) (Esri, Redlands, CA, USA).
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3. Results

3.1. Characteristics of Study Participants

Table 1 shows the characteristics of study participants and the percentage distribution of the
individual variables. Of the 125 participants who agreed to participate in the smartphone study, 56.0%
were women, 37.6% were younger than 45 years of age, and 43.2% were between 45–65 years of age.
According to the marital status, 58.4% of participants were married. Participants were highly educated
(72.0% with a university degree), 37.6% were working full-time, 28.8% were working part-time,
and 33.6% were unemployed, retired, or other, and 58.4% had higher incomes than average. In this
sample, 54.1% of the participants had normal BMI, 29.5% were overweight and 16.4% were obese.

Table 1. The characteristics of the study participants (N = 125).

Characteristic Number Percentage

Age
<45 47 37.6
45–64 54 43.2
65+ 24 19.2

Gender
Male 55 44.0
Female 70 56.0

Marital status
Married 73 58.4
Divorced 17 13.6
Single 27 21.6
Widowed 8 6.4

Education level
Secondary school 35 28.0
University degree 90 72.0

Occupational status
Working full-time 47 37.6
Working part-time, student 36 28.8
Unemployed, retired, or other 42 33.6

Income
Lower than average 52 41.6
Higher than average 73 58.4

Ethnic group
Lithuanian 121 96.8
Other 4 3.2

Body mass index
Normal weight (<24.9) 66 54.1
Overweight (25.0–29.9) 36 29.5
Obese (>30.0) 20 16.4

Chronic disease
No 58 46.4
Yes 67 53.6

3.2. Time-Activity Patterns among the Urban Adult Population

Table 2 shows the average time spent in microenvironments by individual characteristics.
By analyzing the time spent in each ME by gender, we found that women spent almost 3% more time
(70.9%) at home compared to men (68.1%). This difference may have a substantial impact for exposure
assessment, so it should be taken into account in such type of studies and researches. Meanwhile,
men were found to spend more time (17.2%) than women (14.2%) at work. The amount of time spent
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in transit was higher among men than women, 3.6% and 2.5%, respectively. There was a statistically
significant difference in the time spent in transit found between genders (U = 1117; p = 0.001).

Table 2. The average time (%) spent in microenvironments by individual characteristics.

Variable Home Work Other Indoor Outdoor Walking In Transit

Gender
Men 68.1 17.2 7.0 1.7 2.4 3.6
Women 70.9 14.2 8.4 1.4 2.6 2.5

p between groups 0.843 0.145 0.456 0.046 * 0.363 0.001 *

Age
<45 71.9 12.1 8.4 1.8 2.8 3.0
45–64 65.8 19.7 7.7 1.2 2.2 3.4
65+ 77.3 8.7 6.9 2.0 2.8 2.3

p between groups 0.012 * 0.000 * 0.609 0.472 0.049 * 0.075

Occupational status
Working full-time 64.3 20.2 8.9 1.0 2.1 3.3
Working part-time 74.8 10.1 7.4 1.9 2.9 3.0
Unemployed, retired, others 83.4 0.0 8.4 2.1 3.0 3.1

p between groups 0.000 * 0.000 * 0.898 0.009 * 0.037 * 0.709

BMI
<30 70.3 14.8 7.7 1.6 2.7 3.1
≥30 67.7 17.5 8.2 1.5 2.1 3.0

p between groups 0.443 0.786 0.743 0.942 0.296 0.982

Chronic diseases
No 70.1 14.5 8.5 1.6 2.5 2.8
Yes 69.2 16.5 7.1 1.5 2.5 3.2

p between groups 0.433 0.208 0.516 0.827 0.890 0.191

Walking in leisure time
Yes 70.8 14.2 7.7 1.6 2.8 2.9
No 67.6 18.3 7.4 1.4 1.9 3.5

p between groups 0.988 0.035 * 0.863 0.335 0.004 * 0.432

Bicycle use
Often 66.7 17.0 7.4 2.0 2.7 4.2
Seldom 70.6 14.9 7.9 1.4 2.5 2.7

p between groups 0.642 0.471 0.936 0.076 0.784 0.000 *

Car disposal
No 70.6 13.5 8.9 1.4 3.0 2.5
Yes 69.5 16.2 7.2 1.6 2.2 3.3

p between groups 0.295 0.273 0.399 0.929 0.003 * 0.119

* p < 0.05

We also evaluated daily time-activity patterns by different age groups. Tukey HSD test showed
that there were statistically significant differences in time spent at home between the oldest age group
and the two younger age groups (p < 0.05). People between 45–64 years spent the largest amount of
time at work compared to other age groups and this difference was statistically significant compared
to those adults who were younger than 45 years (p = 0.0002).

We compared the differences in time spent in each ME among individuals by occupational
status. The statistically significant differences in time spent at home, work, outdoor, and walking by
occupational status was assessed. A Tukey HSD test showed that differences in time spent at work
were statistically significant between all occupational status groups (p < 0.001).
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The use of active transport like walking in leisure time and bicycle use had a statistically significant
impact on time-activity patterns and are important determinants for assessing exposure.

Average time spent in microenvironments by environmental and other factors is presented in
Table 3. A higher noise concentration was statistically significantly associated with less time spent
outdoors and in transit (p < 0.05). The day type was statistically significantly (p < 0.05) associated with
time spent at home.

Table 3. The average time (%) spent in microenvironments by environmental and other factors.

Variable Home Work Other Indoor Outdoor Walking In Transit

Residential greenness
Very/fairly 68.9 15.9 7.2 1.7 2.8 3.5
Little/not at all 70.8 14.7 8.3 1.5 2.3 2.6

p between groups 0.240 0.872 0.475 0.552 0.098 0.056

Noise concentration
Lower than median 74.2 15.0 8.9 2.1 2.6 3.6
Higher than median 70.4 16.6 7.2 1.1 2.6 2.7

p between groups 0.162 0.463 0.197 0.009 * 0.880 0.032 *

Day type
Working day 66.2 18.9 7.5 1.8 2.4 3.2
Weekend 67.3 16.5 9.2 1.6 2.6 2.8

p between groups 0.000 * 0.423 0.083 0.334 0.421 0.551

* p < 0.05

Table 4 shows the ORs for the time spent indoors by the different individual variables. A statistical
analysis for each independent variable was done separately and adjusted for all statistically significant
confounders. After adjustment, the time spent indoors was statistically significantly associated with
walking in leisure time, bicycle use, and residential greenness. The highest odds of time spent indoors
was found among those adults who did not or rarely engaged in physical activity, such as walking in
leisure time (OR = 2.77; CI 1.09–7.05) and bicycle use (OR = 3.86; CI 1.28–11.66) and those who reported
that in their living environment there is little or no greenery (OR = 2.84; CI 1.33–6.05).

Table 4. The crude and adjusted odds ratios and 95% confidence intervals for time spent indoors and
associated factors.

Variable Crude OR 95% CI Adjusted † OR 95% CI

Gender
Men 1 1
Women 1.44 0.70–2.94 1.11 0.47–2.58

Age
<45 1 1
45–64 0.89 0.41–1.95 0.88 0.39–2.01
65+ 1.15 0.42–3.18 1.20 0.41–3.51

Occupational status
Working full-time 1 1
Working part-time 0.65 0.27–1.55 0.79 0.30–2.06
Unemployed, retired, others 0.81 0.35–1.88 0.89 0.36–2.20

BMI
<30 1 1
≥30 0.80 0.31–2.10 0.60 0.19–1.84

Chronic disease
No 1 1
Yes 0.61 0.30–1.25 0.38 0.14–1.04
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Table 4. Cont.

Variable Crude OR 95% CI Adjusted † OR 95% CI

Walking in leisure time
Yes 1 1
No 2.14 0.94–4.88 2.77 * 1.09–7.05

Bicycle use
Often 1 1
Seldom 3.32 * 1.20–9.18 3.86 * 1.28–11.66

Car disposal
No 1 1
Yes 0.96 0.46–2.00 1.36 0.59–3.16

Residential greenness
Very/fairly 1 1
Little/not at all 2.80 * 1.35–5.82 2.84 * 1.33–6.05

Noise concentration
Lower than median 1 1
Higher than median 1.97 0.97–4.01 1.76 0.84–3.72

* p < 0.05; † adjusted for: age, bicycle use, residential greenness, noise concentration.

4. Discussion

The impact of individual characteristics and environmental factors on the daily time-activity
patterns and time spent indoors was assessed in an urban population in Kaunas, Lithuania.
We examined randomly selected participants from the study population of Kaunas cohort according
to their demographic, socioeconomic, environmental, behavioral, and health factors. Our analysis
showed that individual-level characteristics have a significant impact on peoples’ behaviors and
time-activity patterns. The study results showed that age, occupational status, and gender were the
most significant individual factors influencing time-activity patterns. Such behavioral characteristics
as walking in leisure time, bicycle use, and car disposal had a statistically significant effect on the
time spent walking and in transit. We determined that the most significant environmental variable
influencing time spent outdoors and in transit was noise concentration. Overall, the results provide
evidence that time management related behavior is influenced by both individual characteristics and
environmental factors, thus, these variables should be taken into account when assessing exposure to
various factors and evaluating health risks associated with this exposure. Similar results related with
factors influencing residential indoor time was obtained by Reference [6]. Day type in both studies was
associated with residential indoor time. Yang et al. [6] found that employed, higher age, higher income
and male participants spent significantly less time at home on the weekday. The present study results
showed similar patterns that men, unemployed, and eldest people tend to spend most of their time at
home. However, our study was more focused on the different aspects of behavioral and environmental
factors that may influence time-activity patterns, while previous studies restrictively focused on a few
microenvironments or evaluated only the influence of demographic and socio-economic factors on
time-activity patterns. This is one of the main strengths of this study that the impact of behavioral and
environmental factors on time-activity patterns and time spent indoors were evaluated. Additionally,
the other strength of this study was that the time-activity patterns were objectively measured using
GPS data and tracking participants’ movement continuously throughout the week. Human activities
and the characteristics of time-activity patterns are important determinants for personal exposure to
environmental factors and future studies are needed to understand these relationships and its effect on
exposure assessment.

The study findings indicate that participants, on average, spent 93% of their daily time indoors
(70% was spent at home) and only 7% of their time in other MEs such as outdoors, walking, and in
transit. These results coincide with Canadian and American human activity pattern surveys [26,27].
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Spinazze et al. [28], in a study conducted in Italian urban area, found that people spent most of their
time indoors at home. Women spent more of their time in other indoor MEs and at home, whereas men
spent more time at work and in transit.

In this study, the factors that influenced the time spent indoors were more explored. The results
revealed that behavioral characteristics such as walking in leisure time and bicycle use and residential
greenness were highly associated with time spent indoors. These results suggest that the development
of green spaces, bicycle paths, and their infrastructure, bicycle-sharing systems, and providing
the facilities and open spaces for an active life could increase the time spent outdoors. Therefore,
the development of these elements and the improvement of existing ones should be a priority in urban
planning and design seeking to ensure an active lifestyle, which is associated with an improvement in
overall quality of life and health status.

In term of exposure assessment, the study results suggest that men, younger individuals, and those
who work part-time, are unemployed, live active lifestyle, or those who live in better environmental
conditions with more greenness and less noise, are more susceptible to exposure misclassification,
because these subgroups of the population spend less time indoors and their lifestyle is more active.
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