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METHODOLOGY

Behavioral mapping of children’s physical 
activities and social behaviors in an indoor 
preschool facility: methodological challenges 
in revealing the influence of space in play
Ajoke R. Onojeghuo1, Candace I. J. Nykiforuk1*, Ana Paula Belon2 and Jane Hewes3

Abstract 

Background: GIS (Geographic Information Systems) based behavior maps are useful for visualizing and analyzing 
how children utilize their play spaces. However, a GIS needs accurate locational information to ensure that observa-
tions are correctly represented on the layout maps of play spaces. The most commonly used tools for observing and 
coding free play among children in indoor play spaces require that locational data be collected alongside other play 
variables. There is a need for a practical, cost-effective approach for extending most tools for analyzing free play by 
adding geospatial locational information to children’s behavior data collected in indoor play environments.

Results: We provide a non-intrusive approach to adding locational information to behavior data acquired from video 
recordings of preschool children in their indoor play spaces. The gridding technique showed to be a cost-effective 
method of gathering locational information about children from video recordings of their indoor physical activities 
and social behaviors. Visualizing the proportions of categories and observed intervals was done using bubble pie 
charts which allowed for the merging of multiple categorical information on one map. The addition of locational 
information to other play activity and social behavior data presented the opportunity to assess what types of equip-
ment or play areas may encourage different physical activities and social behaviors among preschool children.

Conclusions: Gridding is an effective method for providing locational data when analyzing physical activities and 
social behaviors of preschool children in indoor spaces. It is also reproducible for most GIS behavior mapping focus-
ing on indoor environments. This bypasses the need to have positioning devices attached to children during obser-
vations, which can raise ethical considerations regarding children’s privacy and methodological implications with 
children playing less naturally. It also supports visualizations on behavior maps making them easier to interpret.
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Background
Free play encourages children to be self-driven in play 
using their own imagination in unregulated play while 
developing social behaviours and physical literacy lev-
els that influence their long-term health [1, 2]. Features 
of these play spaces, such as the types of play equipment 
available and size, have been linked to increased physical 

activity levels and a variety of play behaviors among pre-
school children [3, 4]. Maps provide the opportunity to 
visualize information gathered about play spaces and 
how they are utilized during children’s play activities or 
how they may encourage certain social behaviors. Behav-
ior mapping (also known as behavioral mapping) affords 
researchers the opportunity to gather, process, analyze, 
and represent data in efficient ways making it easier to 
determine how the environment may influence certain 
behaviors [5]. It relies on direct observation of behav-
iors and a map of the environment where behaviors are 
recorded, analyzed, and displayed [6].
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Behavior mapping allows for effective representation 
of geo-located activities and serves as an effective tool to 
help interpret behavioral patterns [6, 7] even when the 
audience is not familiar with the subject [8]. The addi-
tion of precise locational information to behavior data 
allows for accurate mapping of place-dependent behav-
iors and activities in these environments. Creating a GIS 
(Geographic Information System) of physical activities 
and social behaviors underpins the correct positioning of 
observed behaviors and activities and their visualization 
on a behavior map. GIS is an effective tool for acquiring 
or creating locational data, storing, and linking such data 
with observational data (such as that for physical activi-
ties and social behaviors). It has been applied in several 
fields, including public health and community medicine, 
to effectively combine and analyze vast data collected 
geospatially [9–12]. GIS-based behavior maps can show 
how frequently an activity occurred at a location and how 
other activities relate to it in time and space [7].

One method of creating locational information 
involves the use of existing paper maps or electronic 
devices to sketch locational information of subjects or 
an event during observation [5, 13–15]. These locations 
are often estimated based on the quick real-time percep-
tion of the observer [14, 16], which may lead to locational 
errors [17]. Other indoor positioning methods involve 
the use of radio and infra-red waves which may be harm-
ful to growing children [18, 19], Wi-Fi (Wireless Fidelity) 
triangulation, and magnetic positioning [20]. Geographic 
Position Systems (GPS) are the most commonly used to 
capture locational data alongside other variables, such as 
social behaviors, travel time and play activities [5, 7, 21, 
22]. The positional error of the GPS which could be about 
3 m [23], is negligible for outdoor environments or large 
regions of interest such as neighborhoods, municipalities, 
or countries [24–28] but increases significantly in indoor 
environments [29]. Although precise in some cases, some 
of these positioning methods can be cost-prohibitive for 
academic research and raise some ethical issues such as 
the children’s rights to privacy and a reduced sense of 
independence [30].

Alternatively, in small areas such as indoor spaces, spa-
tial measurements can be collected using a local grid laid 
out in the area as long as the two axes (X and Y) used 
are at right angles on a flat plane [31]. Gridding enables 
the creation of locational information where it may not 
be possible to use the GPS. Grids are often used to deter-
mine the position of a particular thing, place, or activity 
in space. They are also used for point data and geographic 
information aggregation in research fields such as in 
assessing children’s physical activities and behavior [32, 
33] and the linguistic landscape of a city [34]. Some stud-
ies have used raster-based grids for positioning when 

measuring physical activity [23]. Gridded digital maps 
have also been used real-time to code the location of chil-
dren in their play environment [15, 32]. However, unlike 
video recordings, the real-time approach to collecting 
data leads to the likelihood of human coding errors [35] 
and leaves no room for future re-observation of the sce-
narios where coding occurred. Most of the aforemen-
tioned tools and methods for positioning require that 
locational information be assigned or collected real-time 
while other required datasets are collected.

This research looked at the dynamics of play in an 
indoor preschool play space using data collected from 
videos and applied GIS. At the time of video data collec-
tion for the initial phase of this project, no indoor loca-
tional information compatible with a GIS was acquired 
for the preschool children. We combined data collected 
using fixed camera systems with validated layout (base) 
maps and gridding techniques to provide locational 
information for the video-recorded observations in this 
study. The purpose of this secondary analysis was to cre-
ate a low cost, small scale GIS for better assessment of 
how indoor the preschool environment shapes children’s 
play, while improving the visual representation of the 
physical activity levels and types and social behaviors 
of children. Such techniques could also be extended for 
future longitudinal studies of children’s play. A descrip-
tive and short-term temporal analysis of play variables in 
this indoor play space is also presented to illustrate the 
advantages of using a small scale GIS retrospectively.

Methods
The Love To Play project and study area
The municipal department of Recreation, Parks, and 
Culture of Strathcona County, in Canada, set up a pur-
posive free-play space in the rural recreation facility 
of Ardrossan Recreation Complex (ARC) in 2014 in 
response to the finding that 21% of rural Strathcona 
County children were struggling in developmental 
areas of communication, general knowledge and emo-
tional maturity [2]. A community-university partner-
ship project was conceived to evaluate how preschool 
children (aged three to five) utilized preschool spaces 
relative to developmental areas associated with play in 
that facility and two comparable sites (more informa-
tion about this project can be found elsewhere [36]). 
The project was approved by the University of Alberta 
Research Ethics Board. The project focused on three 
facilities (one urban and two rural) providing free-play-
based preschool programs in Strathcona County. One 
of rural facilities was the ARC.

The free-play-based preschool program at the ARC 
is offered in an innovative play space, which allowed 
the research team to investigate how play space design 
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affects children’s play activities and social behaviors 
[36]. This space consists of two major rooms: a pre-
school room for structured activities and the Love To 
Play (LTP) room for unstructured, free play. The LTP 
room features fixed play equipment, such as: the wind 
tube experiment where children feed the tubes with 
soft balls and scarves and watch them travel; the ball 
experiment; a ball lift; a magnet board; a grocery till 
with cash registers and grocery store shelf with store 
items; puppet boxes; and a wood tree house. It also 
provides loose parts (portable play equipment) such as 
large rubber blocks, shopping carts, and skipping pods 
which are light enough for the children to move around 
the room. Videos collected from the LTP room dur-
ing free play served as the basis for the small scale GIS 
shown in this research.

Video data collection and the identification of children
The videos of children’s play were recorded on one week-
day in each month in the mini-gyms or LTP Room and 
in the preschool rooms at the 3 preschool facilities cov-
ered in the original project. These preschools were only 
open a few days a week and not Monday to Friday. Our 
program partners limited data collection to 1  day per 
month to limit burden on the preschool staff. Further, 
two of these facilities were in rural areas that were not in 
close proximity to the universities involved, and required 
some travel planning to coordinate visits across sites. The 

same cameras had to be set up and re-used at the three 
different preschool facilities to keep expenditure within 
the budget determined by the grant funding for the pro-
ject. The monthly dates for video collection were selected 
based on the day(s) of the week when these preschool 
facilities were open and care was taken to ensure no over-
lap in dates scheduled for the different facilities.

A GIS or equipment-based analysis was not the focus of 
the initial phase of this research at the time of data cap-
ture. Therefore, no prior research strategy was designed 
for collecting detailed locational information beyond 
the scope of the coding algorithm used. The attachment 
of locational information for a small scale GIS was con-
ceived during a secondary analysis of data collected in 
the LTP room. Figure  1 shows the process for creating 
locational information from video recordings and then 
merging this with tables of coded play and social behav-
ior variables. The different segments shown in this figure 
are discussed further in subsequent sections of this paper.

Three video cameras were positioned in the room to 
capture children’s play from different view angles for 
30 min in each month between September 2014 and June 
2015 (Fig. 1). They were set up on the walls at locations 
high enough to ensure that the children were not aware 
of the presence of the cameras and movement and play 
activities of children were not hampered. The cameras 
were positioned over areas where the children played 
mostly. Their positions minimized any potential influence 
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Fig. 1 Steps for the creation of locational information and the connection between grids and modified OSRAC-P coded data for behavior mapping
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of the cameras on the children’s play activities and maxi-
mize the area covered by each camera. The three videos 
for each observation period were combined in a three-
way split-screen to improve the manual identification of 
randomly selected children in the room and their activi-
ties. The videos were clear enough to identify the chil-
dren in the room and distinguish them apart.

Nine children (60% of the registered number of chil-
dren per term) were randomly selected from the vid-
eos monthly. The selected children were assigned child 
identification numbers in the order they were first spot-
ted in the videos. Identifiable features of the children 
for each split screen video combination were docu-
mented to ensure they were easily identified throughout 
the video. Such features including hairstyles, hair color/
length, clothing, camera where they are best identified, 
and activities when first spotted were documented. An 
example would be “child 8 (first spotted at 08 s) in Janu-
ary had brown hair, wore a pink shirt, yellow pants and 
was standing behind the grocery till holding a yellow bot-
tle”. When needed, extra efforts were taken to distinguish 
children who appeared similar by watching these videos 
repeatedly before analyzing and coding them. These nine 
children were then followed throughout the room for 
the duration of the videos while considering their unique 
features.

Coding play activities and play behaviors
The play activities and social behaviors of the children in 
the room were coded from the videos using a modified 
version of the Observational System for Recording Physi-
cal Activity in Children-Preschool version (OSRAC-P). 
The OSRAC-P coding tool [37] uses a transient time sam-
ple scheme (i.e., 30-s intervals with 5-s observation and 
25-s coding) to collect observational information about 
the type and level of physical activity, location, the play 
context (indoor and outdoor), initiator of activity, group 
composition, and prompts during physical activities 
among preschool children [37, 38]. It does not include 
the indoor positions of children during activities in a 
defined space and only specifies the location as “indoor”, 
“transition”, or “outdoor” area. The modified OSRAC-P 
system [36, 38] used in this study incorporates the obser-
vation of social participation (a type of social behavior) in 
free play. The modified OSRAC-P coding system consists 
of eight variables: physical activity level; physical activity 
type; physical location; play activity; initiator of activ-
ity; group composition; prompt for physical activity; and 
social participation. The categories of social participation 
were adapted from social behaviors described in the Play 
Observation scale [39, 40] and the Social Play Continuum 
[41], including codes for “Active Conversation with a 
Peer”, “Active Conversation with a Teacher”, “Aggression”, 

“Associative Play”, “Cooperative Play”, “Imitation”, 
“Onlooker Behaviour”, “Parallel”, “Unoccupied Behav-
iour”, “Solitary” and “Can’t Tell”. A supplementary table 
showing the different types of social participation and the 
descriptions of each category is attached as supplentay 
information (Appendix). Non-applicable variables of the 
original OSRAC-P system such as the “outdoor/gym edu-
cation/play context” were not considered during coding 
as the activities studied all occurred indoors. The modi-
fied OSRAC-P is available upon request from the cor-
responding author. The 30-min split-screen videos were 
coded at 30-s intervals (60 intervals for each three-way 
split-screen video). For this present study, only the videos 
from the months of January to June 2015 were analyzed, 
which resulted in a total of 360 time intervals for analysis.

Creating locational information
The first step in behavior mapping is the creation of a 
map of the space being analyzed [42] or the provision 
of an existing (but not necessarily up-to-date) map as a 
guide [43]. In this case, the layout plan of the LTP room 
provided by the managers of the preschool programs 
run by Strathcona County was digitized using the Arc-
GIS 10.5 software [44]. The shapefiles created from the 
digitized layout map served as a base for customizing the 
locations of equipment in the LTP room seen on the vid-
eos monthly for use in the GIS analysis.

A validation exercise was carried out by three trained 
research team members to confirm the dimensions of 
the LTP room and the locations of fixed equipment seen 
on the digitized layout plan. Sample linear measure-
ments and photographs were taken and compared to the 
dimensions shown on the digitized layout map. This was 
to ensure the adequacy of the gridding approach cho-
sen in identifying and coding children at various loca-
tions in the LTP room. During the validation exercise, it 
was observed that the dimensions of some of the fixed 
equipment in the room were not accurately depicted on 
the digitized layout map. The distances between equip-
ment attached to the wall (like the magnet board and 
ball experiment) and fixed equipment in the middle of 
the room were measured to fix other features at correct 
locations on the digitized LTP room layout. Another sig-
nificant feature of the LTP room that was important in 
validating positions was the presence of floor tiles which 
were 50 cm × 50 cm. Counting the number of floor tiles 
along a line between walls provided perspective for locat-
ing features in the room.

A trial coding of the locations of children in the LTP 
room was done using different grid shapes and sizes. 
Some of these grids were irregular grids around fixed 
equipment, a regular 100 cm × 100 cm grid, and a regular 
50  cm × 50  cm grid. The 50  cm × 50  cm grids were too 
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small to position the children during 30-s intervals and 
the irregular grids did not capture the locations of chil-
dren who were not playing around fixed equipment dur-
ing observed intervals. After considering the 3 grid sizes, 
a 100 cm × 100 cm grid resolution was selected for posi-
tioning children in the room. The validated layout map of 
the LTP room was gridded at 100  cm × 100  cm resolu-
tion and unique grid identification codes were assigned 
to each grid square. The grid cells were created using 
the Fishnet tool in ArcGIS 10.5 as a sequence of poly-
gons. Each 100 cm × 100 cm grid cell was estimated to be 
the same size as four 50  cm × 50  cm floor tiles stacked 
together to form a square in the LTP room. The coordi-
nates of the centroids of the grid polygons were extracted 
using the language, statistical software “R” [43]. These 
centroids were used to position the charts generated for 
each grid polygon. The database of coded observations 
of play activities and social behaviors were merged with 
shapefiles of the monthly equipment locations using the 
grid identification codes.

Most of the GIS analysis including merging the loca-
tional data with other modified OSRAC-P variables 
were done using the programming language, statisti-
cal software “R” [45] version 3.5.1 and its vast packages 
especially “dplyr” [46] GGPLOT2 [47] and “scatterpie” 
[48]. “R” allows for robust manipulation of databases and 
geospatial data from a variety of sources with good facili-
ties for merging these data. The monthly videos recorded 
in the LTP room were re-analyzed by a trained research 
team member to assign locations of children for all 30-s 
intervals (following the OSRAC-P convention) using the 
unique grid names from the layout map. The locational 
information was added to databases containing the other 
coded variables.

At the start of the location coding exercise, the videos 
showed that the layout of some equipment in the room 
(such as the grocery till) were different for all months. 
However, the positions of fixed equipment like the ball 
lift, ball experiment, wind tube experiment, wood tree 
house, and magnet board were the same for the 6 months 
analyzed. The LTP room layout was changed regularly 
to encourage new play behaviors, stimulate imagina-
tion and creativity, and avoid boredom. The videos also 
revealed that, in addition to fixed equipment provided, 
the children play around certain areas in the LTP room 
using portable play equipment, such as rubber blocks 
and skipping pods. These loose pieces of play equipment 
were also positioned in the room differently each month 
and were not present through all the months considered. 
New shapefiles showing the actual positions and orienta-
tions of equipment each month were created to ensure 
play activities were represented relative to equipment and 
open spaces correctly. The grid locations were uniform 

monthly with the same cell names. Different layout maps 
of the LTP room were generated for each month and then 
used to position the children monthly. Figure 2 shows the 
layout of the LTP room in June 2015 after the equipment 
were properly positioned and the grids overlaid.

Data visualization and grid aggregation
The observed intervals for each month were summed 
up for each grid cell. The individual categories for each 
variable were plotted on unique grid cells. The behavior 
maps generated in this format were too many to process 
visually at a glance with some variables such as physical 
activity type having more than ten maps to cover all cat-
egories. The differences in observed intervals between 
categories of play variables were not distinct or compa-
rable visually from these maps. Therefore, grid-based 
pie charts to present percentages were considered for 
each variable each month to improve the visualization of 
play activities and behaviors. Bubble pie charts [51] were 
used to represent the categories of the variables on a sin-
gle grid map to allow for the representation of observed 
intervals in addition to percentages. This was to pre-
view the distribution of the categories within these vari-
ables for each grid cell and reduce the number of maps 
required to present results effectively. These bubble pie 
charts were positioned using monthly equipment shape-
files and the general grid centroids.

The grid-based visualization using bubble pie charts 
also served as the basis for the aggregation of grid cells 
to analyze activities around each piece of equipment or 
play area alongside the videos. To aid longitudinal anal-
ysis using similar monthly geospatial locations for all 
equipment and play areas, a uniform naming scheme was 
adopted to aggregate grid cells relative to each equipment 
or play area for each month. The uniform naming scheme 
does not imply that the same set of grids were aggregated 
for each equipment or play area monthly. For example, 
“Wind tube experiment” refers to locations where all 
observed play occurred using the wind tube experiment. 
A uniform grid cell aggregation approach could not be 
adopted for all months because the location of some 
movable equipment in the LTP room varied monthly. The 
monthly videos showed when observed play activities 
and social behaviors were related to a piece of equipment 
directly or indirectly. For example, children would stand 
closer to the wood tree house rather than the wind tube 
while waiting to catch the scarves and soft balls pushed 
out of the wind tube. The videos also showed when play 
activities were in an open area being utilized collectively 
by more than one child, or at varied locations in the room 
by individual children.

Table  1 shows the equipment or play area names 
adopted and the corresponding areas covered. “Scattered 
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blocks”, “Scattered blocks II”, and “Skipping pods” refer 
to play areas where those portable play equipment 
were used by the children. Locations where children 
played solitarily or away from these named areas were 
not aggregated. Figure  3 presents the grid cells aggre-
gated around equipment or play areas in the LTP room 
monthly.

Statistical analysis
The OSRAC-P physical activity levels were recategorized 
as follows: sedentary (combines limbs and stationary 

activity), light (slow/easy activity) and moderate/vigor-
ous (combines moderate and fast activities. The data for 
physical activities and social behaviors around each play 
equipment or area was collated and analyzed using R 
[45]. The observed intervals were summed up monthly 
for each physical activity and social behavior category 
and then converted to percentages per month around 
each equipment or play area. For the descriptive analy-
sis, the mean and standard deviation (SD) of the monthly 
percentages of each category were used to summarize the 
physical activities and social behaviors.

Fig. 2 The LTP room equipment layout for June 2015

Table 1 Definition of grid areas for each equipment/play area in the LTP room

Equipment/play area Associated area

Ball experiment The ball experiment and all areas with play directly related to the ball experiment

Ball lift The ball lift and all adjoining areas with play directly related to the ball lift

Grocery store shelf Location of the grocery store shelf or where play activity was related to the grocery store shelf directly

Grocery till Location of the grocery till or play activity observed was related to the grocery till directly

Horses The area where play horses are located or where play activity was related to the horses

Magnet board The area where the magnet board is located or where the play activity was related to the magnet board

Puppet box Location of puppet box or area where the play activity observed was related to the puppet box

Scattered blocks An open area with a focused activity using blocks located between the grocery till, grocery store shelf, and the wood tree 
house

Scattered blocks II An open area with a focused activity using blocks located between the wood tree house and the horses

Skipping pods An open area with skipping pods arranged inclusive of areas where the play activity was skipping pod related

Wind tube experiment The wind tube experiment and all areas of play directly related to the wind tube experiment

Wood tree house Location of the wood tree house, steps/slides leading in, or area where the play is wood tree house-related directly.

Xylophone The area where xylophone is located or where the play activity was related to the xylophone directly
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Results
Behavior maps
The visualization results presented are samples of the 
outcomes of the methods used including gridding. Given 
social participation had a high number of categories, the 
maps for this variable are included here to illustrate the 
differences apparent when visualizing the results in dif-
ferent ways on the layout of the room. Figure  4a shows 
the observed intervals for all categories of social partici-
pation displayed on individual grids and maps. This visu-
alization of social participation had eight maps (one map 
for each category of social participation) for June 2015. 
The figure shows that the dominant social participation 
type around the grocery till was associative play while 
parallel play occurred more around skipping pods in. 
However, it is difficult to compare less obvious observed 
intervals of some social participation types such as 
aggression and unoccupied behavior around equip-
ment in the LTP room. Figure 4b shows the distribution 
of social participation types in the LTP room in June 
2015 displayed using grid-based bubble pie charts. This 

behavior map fuses all the categories of social participa-
tion together in one map. When compared to Fig. 4a, it 
is easier to observe that associative play was dominant 
around the grocery till in Fig.  4b, while parallel play 
occurred more around the skipping pods. The sizes of 
the bubble pie charts show the relative proportions of all 
categories of social participation and the total observed 
intervals per grid cell. Figure 4c presents a visualization 
of aggregated grids to present activities around unique 
equipment or play areas in a simplified manner, which 
aided a better interpretation of the behavior maps. For 
example, the skipping pods were the most popular equip-
ment that the children played with collectively in June 
2015. One can also detect that around the puppet boxes, 
most children were either involved in associative play or 
were solitary.

Equipment and play area statistics
The equipment or play-area based analysis showed higher 
observed intervals for girls (77.57 ± 12.83%) around the 
grocery store shelf than boys (35.36 ± 33.36%). However, 

a  January d April

b February e May

c March f June

Fig. 3 Definition of boundaries for grid cell aggregation for all equipment or play areas in the LTP room from January to June 2015
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Fig. 4 Visualization of social participation in June 2015 using 3 different types of GIS behavior maps. a, b represent the same data while c shows 
aggregates around major equipment/play areas in the room
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higher observed intervals of boys than for girls (Table 2) 
occurred around portable play equipment such as the 
scattered blocks (93.73 ± 6.30% vs. 8.35 ± 5.78%), scat-
tered blocks II (67.90% vs. 32.10%), skipping pods 
(72.30 ± 31.53% vs. 27.70 ± 31.53%), and wind tube exper-
iment (61.79 ± 29.95% vs. 45.85 ± 26.14%). This sex-based 
difference was not distinct around the wood tree house 
(50.21 ± 29.79 for girls and 58.16 ± 33.62 for boys) and 
the grocery till (53.55 ± 32.70 for girls and 55.37 ± 36.52 
for boys).

The highest mean moderate/vigorous physical activ-
ity levels (Table 3) were seen around the xylophone. The 

xylophone had the lowest observed intervals (eight inter-
vals) for the 6-month period analyzed. Considering the 
observed intervals around each equipment or play area, 
moderate/vigorous physical activity was observed mostly 
with play involving the use of portable play equipment. 
Moderate/vigorous levels were between 10.06 ± 7.35% 
with scattered blocks, 11.11% around scattered blocks II 
(81 intervals), and 13.06 ± 18.47 with the skipping pods 
(137 intervals). The only fixed equipment with similar 
levels of moderate/vigorous activity levels was the wind 
tube experiment (10.47 ± 10.65%). The highest levels of 
light physical activity were observed with the scattered 
blocks (55.58 ± 18.09% with the scattered blocks and 
72.84% for scattered blocks). Sedentary physical activ-
ity levels were the most observed in the room. Sedentary 
activities aroud the ball lift declined between January and 
June 2015 while light activity levels increased monthly.

For social participation (Table  4), associative play 
in the room was highest around the grocery till 
(60.51 ± 23.08%) and the horses (51.65 ± 35.53%). 
Associative play was the most observed social partici-
pation around the scattered blocks (34.44 ± 26.98%). 
Social participation around the xylophone, which 
had the smallest observed intervals, was mostly soli-
tary (53.33 ± 50.55%). The ball experiment, magnet 
board, and wood tree house also had high percentages 
of solitary play (42.78 ± 45.34%, 45.30 ± 45.67%, and 
43.16 ± 25.82% respectively). Parallel play showed high 
percentages around fixed equipment like the ball lift 
(40.60 ± 29.89%), grocery till (44.84 ± 24.39%), and the 
wind tube experiment (42.87 ± 28.71%). When com-
pared to other equipment/play areas, the puppet box 
was a hot spot for unoccupied behavior (7.33 ± 9.27%).

Table 2 Sex-based percentages around equipment or play 
areas (mean (SD))

Equipment or play area Sex

% Girls % Boys

Ball experiment 29.35 (41.35) 75.54 (38.88)

Ball lift 43.75 (29.95) 63.54 (32.20)

Grocery store shelf 77.57 (12.83) 35.36 (33.68)

Grocery till 53.55 (32.70) 55.37 (36.52)

Horses 58.02 (35.70) 34.99 (36.24)

Magnet board 28.60 (42.02) 76.16 (39.35)

Puppet box 36.92 (34.85) 52.56 (40.43)

Scattered blocks 8.35 (5.78) 93.74 (6.30)

Wind tube experiment 45.85 (26.14) 61.79 (29.95)

Wood tree house 50.21 (29.79) 58.16 (33.62)

Xylophone 0 (0) 80 (44.72)

Scattered blocks II 32.10 (0) 67.90 (0)

Skipping pods 27.70 (31.53) 72.30 (31.53)

Table 3 Percentages of physical activity levels around equipment or play areas (mean (SD))

Equipment or play area Physical activity level

% Sedentary % Light % Moderate/vigorous

Ball experiment 54.12 (31.21) 40.32 (31.91) 5.56 (11.44)

Ball lift 72.05 (15.82) 25.45 (14.10) 2.49 (4.49)

Grocery store shelf 54.22 (12.35) 43.71 (12.62) 2.08 (3.35)

Grocery till 72.02 (12.89) 26.12 (14.35) 1.87 (3.37)

Horses 52.97 (39.56) 26.90 (26.73) 3.46 (7.29)

Magnet board 70.59 (30.12) 28.37 (29.37) 1.04 (2.55)

Puppet box 50.83 (29.45) 28.53 (19.32) 3.97 (6.85)

Scattered blocks 34.37 (19.29) 55.58 (18.09) 10.06 (7.35)

Wind tube experiment 50.05 (13.85) 39.49 (10.94) 10.47 (10.65)

Wood tree house 56.76 (21.72) 37.49 (17.43) 5.75 (6.73)

Xylophone 20 (27.39) 46.67 (36.13) 13.33 (29.81)

Scattered blocks II 16.05 (0) 72.84 (0) 11.11 (0)

Skipping pods 48.82 (39.74) 38.12 (21.27) 13.06 (18.47)
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Most of the children who played with fixed equipment 
in the room stood around them (Table  5). The high-
est percentages of pushing or pulling were observed 
around the grocery store shelf (18.90 ± 12.93%) and 
around the ball experiment (16.67 ± 40.82%). Rock-
ing occurred mostly around the scattered blocks II 
area (16.67 ± 40.82%). This area in the room was close 
to the location of the horses. Lifting/carrying con-
stituted 14.68 ± 9.11% of the physical activity types 
observed with the scattered blocks. The highest per-
centages of pushing/pulling were seen around the ball 
experiment (16.67 ± 40.82%) and the grocery store shelf 
(18.90 ± 12.93%).

Discussion
Our study showed how including a small scale GIS com-
ponent in research focused on child play in indoor spaces 
can provide richer data and enhance interpretation of 
findings than analyzing play without positional contexts 
attached. Such innovative methodology helped not only 
to identify spaces where children played the most, but 
also demonstrated that changing the space layout may 
encourage engagement in different levels and types of 
physical activity and social behaviors. This key finding is 
meaningful and useful for programming and preschool 
practice.

Often, many researchers have deployed validated data 
collection tools on physical activity and social behaviors 

Table 4 Percentages of social participation types around equipment or play areas (mean (SD))

Equipment or play area Social participation

Active conversation 
with teachers

Associative play Onlooker behaviour Parallel Solitary

Ball experiment 0 (0) 40.57 (44.32) 4.73 (6.02) 11.92 (13.08) 42.78 (45.34)

Ball lift 1.85 (4.54) 15.95 (19.52) 4.99 (5.60) 40.60 (29.89) 34.76 (17.64)

Grocery store shelf 0 (0) 30.74 (29.47) 3.87 (5.19) 44.84 (24.39) 19.24 (14.89)

Grocery till 0 (0) 60.51 (23.08) 0.61 (0.94) 18.34 (9.20) 14.93 (18.07)

Horses 0.85 (2.09) 51.65 (35.53) 7.84 (9.34) 7.59 (7.66) 14.54 (16.43)

Magnet board 0 (0) 26.84 (34.33) 3.12 (7.65) 24.73 (38.69) 45.30 (45.67)

Puppet box 1.59 (3.89) 28.93 (30.25) 16.36 (28.98) 14.15 (20.18) 13.68 (15.18)

Scattered blocks 0.56 (1.11) 34.44 (26.98) 7.36 (5.04) 22.74 (17.89) 26.81 (18.82)

Wind tube experiment 0 (0) 30.55 (19.73) 4.44 (4.21) 42.87 (28.71) 20.23 (21.28)

Wood tree house 0.83 (2.04) 23.00 (25.00) 9.00 (10.85) 22.45 (10.84) 43.16 (25.82)

Xylophone 0 (0) 20 (44.72) 0 (0) 6.67 (14.91) 53.33 (50.55)

Scattered blocks II 6.17 (0) 38.27 (0) 12.35 (0) 28.40 (0) 9.88 (0)

Skipping pods 0.45 (0.64) 31.48 (6.44) 6.43 (3.65) 30.79 (16.34) 27.58 (26.27)

Equipment or play area Social participation

Unoccupied behaviour Active conversation 
with peers

Aggression Imitation

Ball experiment 0 (0) 0 (0) 0 (0) 0 (0)

Ball lift 1.85 (4.54) 0 (0) 0 (0) 0 (0)

Grocery store shelf 1.30 (2.09) 0 (0) 0 (0) 0 (0)

Grocery till 3.28 (5.45) 0.57 (1.28) 2.78 (5.56) 0 (0)

Horses 0 (0) 1.03 (2.29) 0 (0) 0 (0)

Magnet board 0 (0) 0 (0) 0 (0) 0 (0)

Puppet box 7.33 (9.27) 1.55 (2.13) 0 (0) 0 (0)

Scattered blocks 5.31 (4.42) 2.65 (2.51) 0.56 (0.49) 0.74 (1.05)

Wind tube experiment 0.45 (1.10) 0.78 (1.19) 0.90 (1.81) 0.60 (0.85)

Wood tree house 0.72 (1.77) 1.00 (2.24) 0 (0) 0 (0)

Xylophone 0 (0) 0 (0) 0 (0) 0 (0)

Scattered blocks II 2.47 (0) 1.23 (0) 1.23 (0) 0 (0)

Skipping pods 2.37 (2.08) 0 (0) 1.80 (0) 0 (0)
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that do not necessarily gather information on geographi-
cal location. For instance, while the OSRAC-P coding 
system provides a large range of variables and categories 
for coding physical activity and behaviors of preschool 
children, this tool is not designed for geospatial analy-
sis. Indeed, its “location” variable only indicates if play 
occurred in areas inside or outside the building or during 
the transition between inside and outside areas, which is 
not useful as geospatial locational information even in 
a small scale GIS. Also, the addition of locational infor-
mation to previously collected data is rare, making the 
methodological contribution of this study important. To 
our best knowledge, our study was the first to document 
how to add locational information to an existing dataset 
with the objective of creating GIS behavior mapping. In 
our study, gridding and grid aggregation were done using 
the same videos coded with the modified OSRAC-P to 
provide locational information and then a GIS of play in 

the LTP room and, therefore, no additional data acquisi-
tion cost was required.

Our approach has many advantages over others as 
found in the literature. Pawlowski et al. [49], for instance, 
carried out a study on children’s physical activity and 
behavior during recess (outdoors and indoors) using a 
mixed-method consisting of accelerometers, GPS obser-
vations, interviews, and direct observations of play coded 
using the System for Observing Play and Leisure Activi-
ties (SOPLAY) and social interactions using System for 
Observing Children’s Activity and Relationships during 
Play (SOCARP). Although they produced a map show-
ing GPS positions and the corresponding levels of physi-
cal activities, the locational data they collected with the 
GPS was not merged with the SOPLAY coded observa-
tions given methodological difficulties in matching GPS 
measurements with the SOPLAY activities of the chil-
dren. Jankowska et  al. [50] presented a framework for 

Table 5 Percentages of physical activity types around equipment or play areas (mean (SD))

Equipment or play area Physical activity type

Climb Crawl Hit/pound Jump/skip Lie down Lift/carry Push/pull Run

Ball experiment 0 (0) 0 (0) 0 (0) 2.86 (6.39) 0 (0) 0.76 (1.86) 16.67 (40.82) 0.79 (1.94)

Ball lift 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 2.38 (5.83) 0 (0) 1.85 (4.54)

Grocery store shelf 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 2.57 (4.14) 18.90 (12.93) 0 (0)

Grocery till 2.78 (6.80) 0 (0) 0 (0) 0.92 (1.32) 0 (0) 1.38 (1.65) 5.97 (4.27) 3.72 (6.49)

Horses 6.51 (11.70) 0.51 (1.15) 0 (0) 0 (0) 0.43 (1.05) 0.43 (1.05) 0 (0) 3.03 (7.42)

Magnet board 0 (0) 1.72 (2.73) 0 (0) 2.50 (5.59) 0 (0) 0 (0) 0 (0) 0 (0)

Puppet box 1.29 (2.01) 2.50 (5.59) 1.04 (2.08) 0.71 (1.60) 2.47 (3.83) 1.28 (3.14) 0.60 (1.46) 3.27 (3.93)

Scattered blocks 0.68 (1.35) 1.23 (1.44) 0.91 (1.27) 1.81 (2.37) 0.23 (0.46) 14.68 (9.11) 3.30 (5.04) 4.25 (3.06)

Wind tube experiment 0 (0) 1.05 (1.06) 0 (0) 8.11 (7.86) 0 (0) 1.26 (2.06) 0.99 (1.54) 7.76 (6.66)

Wood tree house 5.22 (5.80) 1.75 (2.74) 0 (0) 3.79 (3.76) 2.80 (4.54) 0.72 (1.77) 2.54 (2.79) 1.56 (2.42)

Xylophone 0 (0) 0 (0) 8.33 (16.67) 25.00 (50) 0 (0) 0 (0) 0 (0) 6.67 (14.91)

Scattered blocks II 0 (0) 4.94 (0) 1.23 (0) 6.17 (0) 1.23 (0) 7.41 (0) 2.47 (0) 2.47 (0)

Skipping pods 0 (0) 0 (0) 0 (0) 22.52 (0) 0 (0) 1.80 (2.55) 1.35 (1.91) 9.58 (8.11)

Equipment or play area Physical activity type

Sit/squat Stand Walk Throw Ride Rock Roll Stand

Ball experiment 46.40 (28.33) 7.72 (12.24) 25.28 (18.79) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Ball lift 19.50 (19.81) 51.92 (31.13) 23.71 (11.66) 0 (0) 3.85 (0) 0 (0) 0 (0) 0 (0)

Grocery store shelf 0.98 (2.40) 53.24 (13.24) 24.31 (20.57) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Grocery till 8.77 (8.98) 61.63 (17.88) 14.99 (11.65) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Horses 33.69 (28.19) 18.86 (20.48) 15.70 (28.49) 0 (0) 5.13 (0) 6.84 (11.84) 0 (0) 0 (0)

Magnet board 10.51 (9.59) 60.08 (34.82) 19.65 (17.94) 0 (0) 0 (0) 12.50 (21.65) 0 (0) 0 (0)

Puppet box 34.60 (25.09) 14.45 (13.73) 22.00 (17.14) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Scattered blocks 20.05 (18.34) 14.42 (9.67) 38.03 (12.86) 0.37 (0.52) 0 (0) 0 (0) 0 (0) 0.93 (0)

Wind tube experiment 4.50 (7.35) 46.29 (12.74) 31.38 (5.66) 0.40 (0.70) 0 (0) 0 (0) 0 (0) 0 (0)

Wood tree house 27.01 (35.64) 27.99 (19.68) 27.54 (19.31) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Xylophone 0 (0) 20 (27.39) 26.67 (25.28) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)

Scattered blocks II 6.17 (0) 8.64 (0) 12.35 (0) 0 (0) 0 (0) 46.91 (0) 0 (0) 0 (0)

Skipping pods 33.02 (40.33) 15.80 (0.59) 26.73 (10.61) 0.90 (0) 0 (0) 0 (0) 0 (0) 0 (0)
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integrating GPS data with other technologies such as 
accelerometers for the creation of dynamic representa-
tions of physical activities and sedentary behaviors. They 
noted that the GPS can be unreliable sometimes, creating 
problems with large margins of missing GPS data.

On the other hand, video-based gridding as a method 
for providing locational data affords the researcher the 
opportunity to identify environmental information that 
may be missed by remote positioning during coding as 
it involves manual location detection at the same inter-
vals as other variables such as physical activity. This is the 
case if other play variables were coded from videos and 
not real time. Unlike other positioning methods, video-
based gridding allows the addition of locational informa-
tion even after data collection and bypasses the need to 
ensure satellite signals are strong and not inhibited by 
walls and roofs during observations.

Analyzing recorded videos and physical validation of 
the layout map of the LTP room as seen on these videos 
ensured that the grids chosen were adequate for the LTP 
room. It also allowed all observed monthly changes in 
the positions of play equipment to be taken into account 
when positioning children in the room. That is particu-
larly relevant for research analyzing spaces that are con-
stantly modified, such as preschool rooms, to encourage 
engagement in different behaviors. The video-based 
gridding, therefore, is more advantageous over the GPS 
in addressing the changes in the utilization of the play 
space. More cameras will ensure that all children are seen 
on at least two overlapping camera views during each 
observation interval. Floor and wall markers (ground 
control points) at specific distances can be provided in 
indoor spaces prior to recording videos of free play for 
behavior mapping. These will serve as validation points 
to improve the accuracy of location coding with gridding.

The same set of video cameras were re-used for data 
collection at the 3 preschool centres covered in the previ-
ous phase of this project. Having different cameras posi-
tioned at the 3 preschool centres and at fixed locations 
throughout the duration of the data collection phase may 
increase the number of intervals collected for each pre-
school facility.

The changing locations and layout of equipment in the 
room made it impossible to use the same uniform grid 
aggregation scheme for equipment or play areas monthly. 
When the room layout included skipping pods or scat-
tered blocks, moderate/vigorous physical activity levels 
were higher than observed around most fixed play equip-
ment except the wind tube experiment. Analyzing the 
use of equipment and play areas in the room showed how 
children utilized the same types of portable play equip-
ment differently at different areas. For example, children 
who played with large blocks near the horses used them 

differently from those who played with blocks in the open 
space in the middle of the room by rocking them like 
those who played with the horses. The changes in equip-
ment layout monthly provides an opportunity to explore 
how different layouts may influence play activities and 
behaviors differently in the LTP room, which would 
greatly enhance investigations into how environments 
promote or inhibit particular behaviors in children [5]. 
Such investigations using longitudinal data over a longer 
period of time will also show how fixed or portable play 
equipment influence physical activities in preschool chil-
dren may provide further insights into how to encourage 
children to get more physically active in their play spaces.

Many behavior maps use a variety of individual point 
symbols to represent observed activities or behaviors and 
their locations [5, 7, 49, 51]. This creates clusters of dif-
ferent overlapping points on the behavior maps. Using 
grid-based pie charts tidies up the information presented 
on the GIS behavior maps so that they are easier to inter-
pret. The bubble pie charts showed the differences in 
categories even when points overlapped and reduced the 
number of symbols required to represent activities on 
a map. However, the large number of bubble pie charts 
made it harder to determine how children interacted 
with major play equipment or areas in the room. This 
was resolved by grid aggregation using major play equip-
ment or areas observed from the videos monthly which 
provided insights into the location of activities and how 
popular different play areas and equipment were with the 
children in the LTP room.

For any research involving children, parental consent 
and children’s assent need to be collected to ensure that 
children’s rights are not violated during data collection 
[52]. Ethical issues may arise from parents not grant-
ing consent for their children to participate in studies, 
or when children do not themselves want to partici-
pate. For example, when a parent declines a request for 
a child to participate, the child may have to play in a 
separate play space during the video recording sessions 
[36]. In such cases, the parent had the right to decline, 
but the child who has to play alone despite wanting to 
play with peers may feel segregated. We prepared for 
these kinds of situations in our study by discussing 
with program staff and co-creating parallel activities for 
children who could not participate, involving similar 
activities, but out of camera view. In another example, 
parents may grant consent initially and then with-
draw this after video collection [36]. New challenges 
then arise with techniques for isolating and eliminat-
ing these children to protect their privacy before any 
analysis can be done, which can be time consuming 
and difficult. Given these potential analytic and techni-
cal challenges, our study gave parents a pre-determined 
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period of time (i.e., 60 days post data collection period) 
to withdraw their consent if desired. This retained their 
ability to shape their children’s involvement and also 
prevented undue impact on the data analysis stage 
of the project. Further, the videos analyzed for this 
research will remain unavailable to the public to pro-
tect the privacy of all children involved. Publishing the 
outcomes of research like ours where the identities of 
children remain hidden, will help allay the fears of par-
ents who believe their child’s privacy may be violated 
and that they may be victimized by what is recorded on 
videos in future if they grant consent to participate.

An emerging alternative to the video coding meth-
ods applied in this research involves the application 
of Artificial Intelligence (AI). AI applications have 
been successfully used in research such as gesture pat-
tern recognition and human physical activity recogni-
tion from smart devices [53, 54]. However, they could 
be very cost intensive in public health applications 
[55] especially for small scale applications. Further, 
the use of AI raises ethical concerns regarding pri-
vacy and confidentiality, particularly in research with 
children as advances in AI require sharing massive 
amount of data [56]. AI is also time intensive in the 
algorithm development phase as it requires a great deal 
of training and retraining of the algorithm required 
using a vast array of data to detect and classify differ-
ent movements and gestures. Even in the best of stud-
ies involving AI, predicting emotions based on facial 
movements (one sub group of human movements) is 
still complex [57]. Despite its flaws, AI is a recognized 
technology for extracting the facial patterns of miss-
ing or wanted persons from a database and then iden-
tifying likely matches of such faces [58]. It remains an 
amazing advancement in technology but still presents 
several limitations with identifying and distinguishing 
humans in many cases [59]. AI has the ability to detect 
a wide range of human behaviors but would require a 
lot of supervised training on the reflex of the individu-
als being studied and what they mean. Therefore, AI is 
a very expensive technology for use in researches like 
ours which are not purely technology driven. With the 
appropriate scale of funding in future, we could evalu-
ate the ability of AI to code the physical movements 
and social behaviors of preschool children after ade-
quate supervised training.

In future, the methods described in this paper will 
be used to analyze preschool children’s free play in 
the three Strathcona County study sites over a longer 
period of time. Inclusion of other spaces and longer 
time series will afford us the opportunity to carry out 

more analysis on the impacts of different room layouts 
on interactions and play activities of children in this 
indoor play space. These methods can also be applied 
to other areas of social and behavioral research using 
remote video cameras for data collection, such as the 
utilization of public spaces including bus stations, visits 
to museums or art galleries (e.g., the difference in art 
people prefer), and food purchase.

Conclusions
Extending the OSRAC-P tool through the addition of 
indoor geolocational information to other free play vari-
ables in any space provides the opportunity to infer what 
type of play equipment or room layouts may encourage 
higher levels of play activity and different social behav-
iors among preschool children. For example, our results 
showed that associative play was the main social behavior 
that occurred around the grocery till (fixed play equip-
ment). However, more play intervals occurred around the 
skipping pods than around the grocery till. This kind of 
nuanced information can be valuable for program manag-
ers and decision-makers interested in offering programs 
and play spaces associated with targeting and strengthen-
ing particular developmental domains among children.

This research has shown an affordable method of pro-
viding locational information for behavior mapping in 
indoor environments alongside the modified OSRAC-P 
coding system. This video-based gridding has the advan-
tage of being ideal for adding locational information 
to behavioral data even after video data collection has 
occurred. This method could be used with other systems 
of observing play activities and social behaviors in both 
children and adults. In addition to being cost-effective 
in indoor spaces, this gridding method allows behavior 
mapping without exposing children to any indoor radio 
frequencies which may be harmful to them [18, 19]. This 
gridding approach also allows for the creation of loca-
tional data for small indoor spaces where it may be unre-
alistic or impossible to use positioning systems such as 
the GPS. Finally, the methods presented could provide 
decision-makers with detailed information about how to 
design programs and play spaces to enhance children’s 
play experiences and increase physical activity levels, 
positively impacting their health.
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Appendix
See Table 6.

Table 6 Modified OSRAC-P categories of social participation and their descriptions

Social participation type Description

Active conversation with peer(s) Verbal communication with another peer

Active conversation with teacher(s) Verbal communication with teacher(s)

Aggression Non-playful aggressive or violent behavior towards another person or an object (kicking an object out of frustra-
tion)

Associative play A group of children engage in similar or identical activities without formal organization, the child is interested in 
the group playing but not in coordinating their activities with those people, or when there is no organized activ-
ity at all (substantial amount of interaction involved, but the activities are not in sync)

Can’t tell Unable to observe on video or cannot tell

Cooperative play The child is interested both in the people playing and in the activity they are doing, activity is organized, and 
participants have assigned roles (increased self-identification with a group and a group identity may emerge), 
dramatic play activities with roles like playing school, or a game with rules, such as freeze tag

Imitation The child is observing and replicating another’s behavior

Onlooker behaviour The child watches but does not get involved with an activity, may offer comments or laugh with other children 
but does not engage in actual activity

Parallel Child plays beside, or in the company of, other children but does not play with peers, child plays independently 
with activities bringing him/her within one meter of other children sometimes (parallel play is coded regardless 
of the distance between the focal child and the other children if the child is attentive to peers while playing 
independently), child observed often playing with toys similar to those that the children around him/her are 
using, child is somewhat aware of, and attentive to, his/her playmates

Solitary The child is seen playing alone at a distance from other children, child plays apart from other children at a distance 
greater than one meter usually with toys different from those other children are using, child is centered on his/
her own activity and pays little or no attention to any other child in the area

Unoccupied behaviour The child does not show focus or intent (e.g. child staring blankly into space, wandering with no specific purpose, 
or only slightly/not interested in ongoing activities), child is engaged in a functional activity such as twisting hair 
or fiddling with an object but is not concentrating on the activity



Page 15 of 16Onojeghuo et al. Int J Health Geogr           (2019) 18:26 

Received: 17 July 2019   Accepted: 29 October 2019

References
 1. Maslekar K. Why your child needs “free play”. 2007. http://in.rediff .com/

getah ead/2007/may/17chi ld.htm. Accessed 18 Mar 2019.
 2. The Love to Play Community-University Partnership Team. Evaluation of 

a play-based recreation program for preschoolers: municipal recrea-
tion policy implications of Strathcona County’s Love to Play program. 
Edmonton; 2016. https ://polic ywise .com/wp-conte nt/uploa ds/resou 
rces/2017/01/Love-to-Play-Full-Repor t-13SM-Nykif oruk.pdf. Accessed 27 
May 2019.

 3. Hannon JC, Brown BB. Increasing preschoolers’ physical activity intensi-
ties: an activity-friendly preschool playground intervention. Prev Med. 
2008;46(6):532–6.

 4. Worobey J, Worobey HS, Adler AL. Diet, activity and BMI in pre-
school-aged children: differences across settings. Ecol Food Nutr. 
2005;44(6):455–66.

 5. Cosco NG, Moore RC, Islam MZ. Behavior mapping: a method for linking 
preschool physical activity and outdoor design. Med Sci Sport Exerc. 
2010;42(3):513–9.

 6. Cox A, Loebach J, Little S. Understanding the nature play milieu: using 
behavior mapping to investigate children’s activities in outdoor play 
spaces. Child Youth Environ. 2018;28(2):232–61.

 7. Marušić BG, Marušić D. Behavioural maps and GIS in place evaluation and 
design. In: Application of geographic information systems.InTech; 2012. p. 
115–38. https ://doi.org/10.5772/47940 

 8. Bozkurt M. Digital age for observations: The use of gis for analysing obser-
vations and behaviour mapping. J Digital Landsc Archit. 2016. https ://doi.
org/10.14627 /53761 2003

 9. Nykiforuk CIJ, Flaman LM. Geographic information systems (GIS) for 
health promotion and public health: a review. Health Promot Pract. 
2011;12(1):63–73.

 10. Boquett JA, Zagonel-Oliveira M, Jobim LF, Jobim M, Gonzaga L, Veronez 
MR, et al. Spatial analyzes of HLA data in Rio Grande do Sul, south Brazil: 
genetic structure and possible correlation with autoimmune diseases. Int 
J Health Geogr. 2018;17(1):34.

 11. Fletcher-Lartey SM, Caprarelli G. Application of GIS technology in public 
health: successes and challenges. Parasitology. 2016;143:401–15.

 12. MacQuillan EL, Curtis AB, Baker KM, Paul R, Back YO. Using GIS mapping 
to target public health interventions: examining birth outcomes across 
GIS techniques. J Community Health. 2017;42(4):633–8. https ://doi.
org/10.1007/s1090 0-016-0298-z.

 13. Boschmann EE, Cubbon E. Sketch maps and qualitative GIS: using cartog-
raphies of individual spatial narratives in geographic research. Prof Geogr. 
2014;66(2):236–48.

 14. Curtis JW, Shiau E, Lowery B, Sloane D, Hennigan K, Curtis A. The pros-
pects and problems of integrating sketch maps with geographic infor-
mation systems to understand environmental perception: a case study of 
mapping youth fear in Los Angeles gang neighborhoods. Environ Plan B 
Plan Des. 2014;41(2):251–71.

 15. Torrens PM, Griffin WA. Exploring the micro-social geography of chil-
dren’s interactions in preschool: a long-term observational study and 
analysis using geographic information technologies. Environ Behav. 
2012;45(5):584–614.

 16. Bell S. GIS for the people: cognitive errors and data restrictions. Prairie 
Perspect Geogr Essay. 2002;310–9.

 17. Wang J, Schwering A. The accuracy of sketched spatial relations: how 
cognitive errors affect sketch representation. Presenting Spatial Informa-
tion: Granularity, Relevance, and Integration. 2009. p. 40.

 18. Hardell L. World Health Organization, radiofrequency radiation and 
health—a hard nut to crack. Int J Oncol. 2017;51(2):405–13.

 19. Hardell L, Carlberg M, Hedendahl LK. Radiofrequency radiation from 
nearby base stations gives high levels in an apartment in Stockholm, 
Sweden: a case report. Oncol Lett. 2018;15(5):7871.

 20. Datta A. Indoor positioning: what do you do in a building when your GPS 
stops working. Geospatial World. 2018. https ://www.geosp atial world .net/
blogs /indoo r-posit ionin g-indoo rs-gps-stops -worki ng/. Accessed 15 Apr 
2019.

 21. Loebach JE, Gilliland JA. Free range kids? Using GPS-derived activity 
spaces to examine children’s neighborhood activity and mobility. Environ 
Behav. 2016;48(3):421–53.

 22. Duncan MJ, Badland HM, Mummery WK. Applying GPS to enhance 
understanding of transport-related physical activity. J Sci Med Sport. 
2009;12(5):549–56.

 23. Coombes E, van Sluijs E, Jones A. Is environmental setting associated with 
the intensity and duration of children’s physical activity? Findings from 
the SPEEDY GPS study. Health Place. 2013;20:62–5.

 24. USGS. USGS global positioning application and practice, vol. 2018. United 
States Geological Survey; 2017. http://water .usgs.gov. Accessed 27 May 
2019.

 25. Musa GJ, Chiang P-H, Sylk T, Bavley R, Keating W, Lakew B, et al. Use of 
GIS mapping as a public health tool-from cholera to cancer. Health Serv 
Insights. 2013;6:111–6.

 26. Higgins J, Adamu U, Adewara K, Aladeshawe A, Aregay A, Barau I, et al. 
Finding inhabited settlements and tracking vaccination progress: the 
application of satellite imagery analysis to guide the immunization 
response to confirmation of previously-undetected, ongoing endemic 
wild poliovirus transmission in Borno State, Nigeria. Int J Health Geogr. 
2019;18(1):11.

 27. Mavoa S, Oliver M, Witten K, Badland HM. Linking GPS and travel 
diary data using sequence alignment in a study of children’s inde-
pendent mobility. Int J Health Geogr. 2011;10(1):64. https ://doi.
org/10.1186/1476-072X-10-64.

 28. Oliver M, Schoeppe S, Mavoa S, Duncan S, Kelly P, Donovan P, Kyttä M. 
Children’s geographies for activity and play: an overview of measure-
ment approaches. In: Evans B, Horton J, Skelton T, editors. Play, recreation, 
health and well being, vol. 9. Singapore: Springer; 2015. p. 1–20.

 29. Duncan S, Stewart TI, Oliver M, Mavoa S, MacRae D, Badland HM, et al. 
Portable global positioning system receivers: static validity and environ-
mental conditions. Am J Prev Med. 2013;44(2):e19–29.

 30. Fahlquist JN. Responsibility and privacy—ethical aspects of using GPS 
to track children. Child Soc. 2015;29(1):38–47. https ://doi.org/10.1111/
chso.12016 .

 31. Chrisman NR, Cowen DJ, Fisher PF, Goodchild MF, Mark DM. Exploring 
geographic information systems. In: Geography in America. 1989. p. 
353–75.

 32. Li X, Griffin WA. Using ESDA with social weights to analyze spatial 
and social patterns of preschool children’s behavior. Appl Geogr. 
2013;43:67–80.

 33. Williams AJ, Wyatt KM, Hurst AJ, Williams CA. A systematic review of asso-
ciations between the primary school built environment and childhood 
overweight and obesity. Health Place. 2012;18(3):504–14.

 34. Väisänen TLA. Diversity in digital urban spaces of Helsinki. 2019. https ://
blogs .helsi nki.fi/acces sibil ity/2019/04/18/diver sity-in-digit al-urban -space 
s-of-helsi nki/. Accessed 27 May 2019.

 35. Cox M. The development and testing of a direct observation protocol as 
a criterion measure for children’s simulated free-play activity. University of 
Massachusetts Amherst; 2017. https ://schol arwor ks.umass .edu/cgi/viewc 
onten t.cgi?artic le=1604&conte xt=maste rs_these s_2. Accessed 27 May 
2019.

 36. Nykiforuk CI, Hewes J, Belon AP, Paradis D, Gallagher E, Gokiert R, Bisanz J, 
Nieuwendyk L. Evaluating child-friendly spaces: insights from a participa-
tory mixed methods study of a municipality’s free-play preschool and 
space. Cities Health. 2018. https ://doi.org/10.1080/23748 834.2018.15488 
94.

 37. Brown WH, Pfeiffer KA, McIver KL, Dowda M, Almeida MJ, Pate RR. 
Observational system for recording physical activity in children-preschool 
(OSRAC-P). OSRAC-P Train Man Obs. 2009. http://www.asph.sc.edu/
USC_CPARG /pdf/OSRAC _Manua l.pdf. Accessed 27 May 2019.

 38. Hughes B. An evaluation of preschool children’s physical activity within 
indoor preschool play environments. Edmonton: University of Alberta; 
2017.

 39. Parten MB. Social participation among pre-school children. J Abnorm Soc 
Psychol. 1932;27(3):243.

 40. Rubin KH, Cheah CSL, Fox N. Emotion regulation, parenting and display of 
social reticence in preschoolers. Early Educ Dev. 2001;12(1):97–115.

 41. Broadhead P. Early years play and learning: developing social skills and 
cooperation. Abingdon: Routledge; 2003.

http://in.rediff.com/getahead/2007/may/17child.htm
http://in.rediff.com/getahead/2007/may/17child.htm
https://policywise.com/wp-content/uploads/resources/2017/01/Love-to-Play-Full-Report-13SM-Nykiforuk.pdf
https://policywise.com/wp-content/uploads/resources/2017/01/Love-to-Play-Full-Report-13SM-Nykiforuk.pdf
https://doi.org/10.5772/47940
https://doi.org/10.14627/537612003
https://doi.org/10.14627/537612003
https://doi.org/10.1007/s10900-016-0298-z
https://doi.org/10.1007/s10900-016-0298-z
https://www.geospatialworld.net/blogs/indoor-positioning-indoors-gps-stops-working/
https://www.geospatialworld.net/blogs/indoor-positioning-indoors-gps-stops-working/
http://water.usgs.gov
https://doi.org/10.1186/1476-072X-10-64
https://doi.org/10.1186/1476-072X-10-64
https://doi.org/10.1111/chso.12016
https://doi.org/10.1111/chso.12016
https://blogs.helsinki.fi/accessibility/2019/04/18/diversity-in-digital-urban-spaces-of-helsinki/
https://blogs.helsinki.fi/accessibility/2019/04/18/diversity-in-digital-urban-spaces-of-helsinki/
https://blogs.helsinki.fi/accessibility/2019/04/18/diversity-in-digital-urban-spaces-of-helsinki/
https://scholarworks.umass.edu/cgi/viewcontent.cgi%3farticle%3d1604%26context%3dmasters_theses_2
https://scholarworks.umass.edu/cgi/viewcontent.cgi%3farticle%3d1604%26context%3dmasters_theses_2
https://doi.org/10.1080/23748834.2018.1548894
https://doi.org/10.1080/23748834.2018.1548894
http://www.asph.sc.edu/USC_CPARG/pdf/OSRAC_Manual.pdf
http://www.asph.sc.edu/USC_CPARG/pdf/OSRAC_Manual.pdf


Page 16 of 16Onojeghuo et al. Int J Health Geogr           (2019) 18:26 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your research ?  Choose BMC and benefit from: 

 42. Ng CF. Behavioral mapping and tracking. In: Gifford R, editor. Research 
methods for environmental psychology. Wiley; 2016. p. 29–52.

 43. Sommer R, Sommer B. A practical guide to behavioral research: tools and 
techniques. 5th ed. Oxford: Oxford University Press; 2001.

 44. ESRI. ArcGIS documentation. Redlands: Environmental Systems Research 
Institute; 2017. http://deskt op.arcgi s.com/en/docum entat ion/. Accessed 
27 May 2019.

 45. R Core Team. R language definition. Vienna: R foundation for Statistical 
Computing; 2000.

 46. Wickham H, Francois R, Henry L, Müller K. dplyr: a grammar of data 
manipulation. The Comprehensive R Archive Network; 2019. https ://
cloud .r-proje ct.org/web/packa ges/dplyr /index .html. Accessed 27 May 
2019.

 47. Wickham H. ggplot2: elegant graphics for data analysis. Berlin: Springer; 
2016.

 48. Yu G. Package “scatterpie”. 0.1.2. CRAN; 2018. https ://cran.r-proje ct.org/
web/packa ges/scatt erpie /index .html. Accessed 27 May 2019.

 49. Pawlowski CS, Andersen HB, Troelsen J, Schipperijn J. Children’s physical 
activity behavior during school recess: a pilot study using GPS, accel-
erometer, participant observation, and go-along interview. PLoS ONE. 
2016;11(2):e0148786.

 50. Jankowska MM, Schipperijn J, Kerr J. A framework for using GPS data 
in physical activity and sedentary behavior studies. Exerc Sport Sci Rev. 
2015;43(1):48–56.

 51. Müller-Eie DA, Reinertsen M, Tøssebro E. Electronic behaviour mapping 
and GIS application for Stavanger Torget, Norway. Int J Sustain Dev Plann. 
2018;13(4):571–81.

 52. Rutanen N, de Souza Amorim K, Marwick H, White J. Tensions and chal-
lenges concerning ethics on video research with young children—expe-
riences from an international collaboration among seven countries. Video 
J Educ Pedagog. 2018;3(1):7. https ://doi.org/10.1186/s4099 0-018-0019-x.

 53. Kwon M-C, Park G, Choi S. Smartwatch user interface implementation 
using CNN-based gesture pattern recognition. Sensors. 2018;18(9):2997.

 54. Voicu R-A, Dobre C, Bajenaru L, Ciobanu R-I. Human physical activity 
recognition using smartphone sensors. Sensors. 2019;19(3):458.

 55. Panch T, Pearson-Stuttard J, Greaves F, Atun R. Artificial intelligence: 
opportunities and risks for public health. Lancet Digit Health. 
2019;1(1):e13–4. https ://doi.org/10.1016/S2589 -7500(19)30002 -0.

 56. Noorbakhsh-Sabet N, Zand R, Zhang Y, Abedi V. Artificial intelligence 
transforms the future of health care. Am J Med. 2019;132(7):795–801.

 57. Barrett LF, Adolphs R, Marsella S, Martinez AM, Pollak SD. Emotional 
expressions reconsidered: challenges to inferring emotion from human 
facial movements. Psychol Sci Public Interest. 2019;20(1):1–68. https ://doi.
org/10.1177/15291 00619 83293 0.

 58. Vincent J. AI researchers tell Amazon to stop selling ‘flawed’ facial 
recognition to the police. The Verge. 2019. https ://www.theve rge.
com/2019/4/3/18291 995/amazo n-facia l-recog nitio n-techn ology -rekog 
nitio n-polic e-ai-resea rcher s-ban-flawe d. Accessed 17 Sep 2019.

 59. Buolamwini J, Gebru T. Gender shades: intersectional accuracy disparities 
in commercial gender classification. In: Friedler SA, Wilson C, editors. Pro-
ceedings of the 1st conference on fairness, accountability and transpar-
ency. New York, NY, USA: PMLR; 2018. p. 77–91. (Proceedings of Machine 
Learning Research; vol. 81). http://proce eding s.mlr.press /v81/buola mwini 
18a.html. Accessed 27 May 2019.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

http://desktop.arcgis.com/en/documentation/
https://cloud.r-project.org/web/packages/dplyr/index.html
https://cloud.r-project.org/web/packages/dplyr/index.html
https://cran.r-project.org/web/packages/scatterpie/index.html
https://cran.r-project.org/web/packages/scatterpie/index.html
https://doi.org/10.1186/s40990-018-0019-x
https://doi.org/10.1016/S2589-7500(19)30002-0
https://doi.org/10.1177/1529100619832930
https://doi.org/10.1177/1529100619832930
https://www.theverge.com/2019/4/3/18291995/amazon-facial-recognition-technology-rekognition-police-ai-researchers-ban-flawed
https://www.theverge.com/2019/4/3/18291995/amazon-facial-recognition-technology-rekognition-police-ai-researchers-ban-flawed
https://www.theverge.com/2019/4/3/18291995/amazon-facial-recognition-technology-rekognition-police-ai-researchers-ban-flawed
http://proceedings.mlr.press/v81/buolamwini18a.html
http://proceedings.mlr.press/v81/buolamwini18a.html

	Behavioral mapping of children’s physical activities and social behaviors in an indoor preschool facility: methodological challenges in revealing the influence of space in play
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Methods
	The Love To Play project and study area
	Video data collection and the identification of children
	Coding play activities and play behaviors
	Creating locational information
	Data visualization and grid aggregation
	Statistical analysis

	Results
	Behavior maps
	Equipment and play area statistics

	Discussion
	Conclusions
	Acknowledgements
	References




