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Abstract
Background: Television viewing among children is associated with developmental and health outcomes, yet measurement
techniques for television viewing are prone to errors, biases, or both.
Objective: This study aims to develop a system to objectively and passively measure children’s television viewing time.
Methods: The Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) system includes three sequential
algorithms applied to video data collected in front of a television screen: face detection, face verification, and gaze estimation.
A total of 21 families of diverse race and ethnicity were enrolled in 1 of 4 design studies to train the algorithms and provide proof
of concept testing for the integrated FLASH-TV system. Video data were collected from each family in a laboratory mimicking
a living room or in the child’s home. Staff coded the video data for the target child as the gold standard. The accuracy, sensitivity,
specificity, positive predictive value, and negative predictive value were calculated for each algorithm, as compared with the
gold standard. Prevalence and biased adjusted κ scores and an intraclass correlation using a generalized linear mixed model
compared FLASH-TV’s estimation of television viewing duration to the gold standard.
Results: FLASH-TV demonstrated high sensitivity for detecting faces (95.5%-97.9%) and performed well on face verification
when the child’s gaze was on the television. Each of the metrics for estimating the child’s gaze on the screen was moderate to
good (range: 55.1% negative predictive value to 91.2% specificity). When combining the 3 sequential steps, FLASH-TV estimation
of the child’s screen viewing was overall good, with an intraclass correlation for an overall time watching television of 0.725
across conditions.
Conclusions: FLASH-TV offers a critical step forward in improving the assessment of children’s television viewing.
(JMIR Pediatr Parent 2022;5(1):e33569) doi: 10.2196/33569
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Introduction
Television Viewing and Other Screen Use Among
Youth
The American Academy of Pediatrics Council on
Communications and Media has reported that children spend
more time using screen media (television, movies, smartphones,
tablets, computers, etc) than time in school [1]. Data from the
Kaiser Family Foundation for the United States found children
aged 8-18 years spend about 7.5 hours using screen media on
a typical day, with some of the screen exposure involving
multitasking several screens [2]. Nationally representative data
of US children in 2020 found that children aged 5 to 8 years
use an average of 3 hours and 5 minutes of screen media daily
[3]. The types of screens children use have changed over the
last decade [3,4]. Web-based videos, subscription streaming
services, and television account for 73% of screen media use
by children aged <8 years [3]. Similarly, in 2015, 62% of youths
aged 9-12 years reported they watched television every day and
television viewing remained one of the media activities enjoyed
the most by tweens [5]. Television viewing therefore remains
an important component of children’s overall screen use, which
has been linked to detrimental cognitive development [6], worse
child psychosocial outcomes [7], lower school achievement [7],
child obesity [7,8], cardiometabolic risk [7], and decreased
fitness [8]. Thus, higher levels of screen media use is a public
health concern [9].

Measuring Television Viewing Among Youth
Unfortunately, current methods to assess children’s television
viewing and other screen media use remain inadequate, making
it unclear how accurate television and screen media exposure
estimates are. Tools are needed to objectively measure children’s
use of screens across screen media platforms to ultimately
inform a composite measure of screen use. New tools to track
people’s screen use on mobile devices rely on background apps
that record smartphone use [10,11] or obtain intermittent
automatic screenshots of the mobile device to record how it is
being used over a specific period [12]. Although both are
important contributions to improve the assessment of children’s
screen media use, they do not account for exposure to larger
screens, such as televisions, computers, and stationary video
game consoles. The risk of obesity differs based on the type of
screen media used by a child [13,14], highlighting the
importance of measuring all forms of screen media exposure.
Although children’s screen media use is rapidly evolving with
the use of many different devices and multiple web-based
platforms for viewing content [15], television viewing is still a
prominent behavior among youth [1,3,5,16].
The current gold standard to measure children’s screen use is
direct or video-recorded observations that allow coding of the
time a child spends watching a television screen [17-19].
Although accurate, this is too expensive and intrusive for most
research studies, especially in-home settings. Most previous
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studies have relied on subjective recall by youth or their parents
to assess television viewing and screen use [2,4,11,17]. This
subjective assessment is prone to many sources of bias and
errors, resulting in low accuracy estimates [18]. The most
common method, self-reported or parent proxy-reported surveys
of television viewing behaviors [17,19], has rarely been
compared with a gold standard. Those that have, did not perform
well. Anderson et al [18] compared parent-reported television
diaries and general estimates of television viewing to the gold
standard in a child’s home over the same period. Parent
completed television diaries correlated moderately well with
coded video observations (r91=0.67-0.86; P<.001). However,
the correlation between parent estimates and coded video
observations was significantly weaker (r92=0.27; P<.01) [18].
Furthermore, there was significant sample selection bias of
families willing to participate in the study involving a high
participant burden (television diaries), biased toward White,
middle-class, and 2-parent households.
Objective automatic or passive methods for measuring children’s
television viewing and use of other large stationary screens
(computers and videogame systems) are needed to better assess
children’s typical screen viewing and use behaviors. In the
future, objective assessment of television viewing could be
added to output from assessment tools of other screen platforms,
such as mobile devices [11], for a composite measure of screen
use among children. We are therefore developing an objective
and automatic system to measure television viewing to allow a
more comprehensive and accurate assessment of children’s
television viewing to inform the assessment of screen media
exposure. This paper describes the design and development of
the resulting assessment tool, Family Level Assessment of
Screen Use in the Home-Television (FLASH-TV), and the data
acquired by the FLASH-TV system.

Methods
Ethics Approval
The Institutional Review Board at Baylor College of Medicine
reviewed and approved the study protocol (H-40556).

Overview of FLASH-TV Development
The overall goal of FLASH-TV is to estimate the total time a
target child views a television or other large screen. To achieve
this, FLASH-TV consists of a video camera (Logitech c930e
1080p) placed directly on or near the television, with the camera
facing the viewers. The video camera records high-resolution
images (approximately 1 megapixel or greater) at a rate of 15-30
frames/s. Computer vision and machine learning algorithms
analyze each frame of the recorded video. Video analysis
follows three stages: (1) face detection—to detect any faces
present in every frame of the video, (2) face verification—to
isolate and localize the presence of the target child in any frame,
and (3) gaze estimation—to determine whether the target child
is looking at the television (Figure 1).
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Figure 1. The integrated Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) system. The FLASH-TV system takes as input
video frames and processes it through a sequence of 3 steps: (1) Face detection, (2) Face verification, and (3) Gaze estimation to create a log containing
a child’s television viewing time.

Data Collection Using the FLASH-TV System
Four small, iterative design tests were conducted to obtain video
data to develop, train, and test the 3 steps required for a robust
FLASH-TV. Three of the design tests were conducted in an
observation laboratory at Baylor College of Medicine, which
was set up as a living room. One of the design tests was
conducted at the family’s home to test the system under natural
circumstances. A parent and 2 siblings (one who was identified
as the target child) were invited to participate in the task-based
protocols. Inclusion criteria for each parent–sibling triad were:
parent or legal guardian of children; target child aged 6-11 years
and sibling aged 6-14 years; family fluent in English; and
parents willing to allow their children to watch age-appropriate
television or movies and play age-appropriate digital games.
Exclusion criteria were: parent or child with developmental,
medical, mental, or physical diagnosis that would prevent him
or her from following the protocol. The research protocol was
reviewed and approved by the institutional review board at
Baylor College of Medicine with institutional review board
reciprocity by Rice University via an established authorized
agreement. All methods were performed in accordance with the
Declaration of Helsinki and according to the federal and
institutional guidelines. Informed written consent was provided
by the parents of each triad for participation in the study and
assent provided by all the children who participated. Participants
in all design studies were offered an opt-in on the consent form
to have their images used in reports and presentations that
describe the development of FLASH-TV. All parents and
children depicted in this document opted-in and additionally
provided consent for their images to be used in publications by
reviewing and signing the Baylor College of Medicine, media
https://pediatrics.jmir.org/2022/1/e33569
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release form. Of the 22 participating families, one triad’s video
data from design test 2 was corrupt. Here, we present the data
from the remaining 21 triads.
Each design test protocol lasted approximately 90 minutes and
contained minor variations. Each protocol required participants
to watch television, engage with a mobile tablet, or play with
physical toys while being video recorded by the observation
room cameras as well as the prototype FLASH-TV system.
Participants were asked to change their positions in the room
(eg, from the couch to the floor) while performing each task for
a few minutes at a time. For certain protocol segments,
participants were asked to leave the room for a short period to
ensure that FLASH-TV would detect their absence and return.
The lighting of the room was varied for some tasks during
several of the design tests to assess the robustness of FLASH-TV
under bright, dim, and dark conditions. Each protocol included
a 20- to 30-minute free-play portion to capture naturalistic
viewing of a television screen by children when toys and a
mobile device were also available. The room set up varied for
each family, including different locations of the television and
chairs in room and different room decorations. Design test 3
differed from design tests 1 and 2 as it included 2 separate,
approximately 30-minute visits, 1 week apart from the
observation laboratory so that the face verification could be
assessed with participants across days. Design test 4 was
conducted at the family’s home using a slightly modified
protocol. An example of task-based protocols is provided in
Multimedia Appendix 1.
FLASH-TV consisted of a high-definition, wide-angle video
camera (Logitech 1080p webcam running at 15-30 frames/s)
placed on top of the stationary screen (large computer monitor
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in the laboratory observation room or a television at the family’s
home). The FLASH-TV video data from each of the design
tests were reviewed and coded by trained behavioral research
staff to determine whether the child was watching television.
The research staff coded video data (available at the frame level)
was considered the gold standard for training and testing the
FLASH-TV machine learning algorithms. The target child was
identified in each video frame, and then coded with one of four
codes for the target child: watching screen, not watching screen,
out of frame, or cannot tell using duration coding (one code was
applied to the video data and remained until the child’s behavior
changed). Eight research staff were trained and certified to
correctly label gaze or no gaze ≥90% of the time. Overall, 10%
of each family’s video data were double coded by 2 independent
staff to determine interrater reliability (κ=0.88 with an SD 0.23
for laboratory observations; κ=0.83 with an SD 0.25 for in-home
observations).

Face Detection
YOLOv2 [20], a state-of-the-art convolutional neural network
(CNN) originally proposed for object detection, was modified
to develop the face detection component of FLASH-TV, using
a publicly available code base [21]. The modification was based
on a transfer learning paradigm in which previously learned
model information from the YOLOv2 system was refined and
adapted to the FLASH-TV context. YOLOv2 CNN was
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originally trained to detect common objects (eg, cars, humans,
traffic lights, and animals), but was adapted for the FLASH-TV
face detector to extract the parents’, siblings’, and target
children’s faces from design test videos. We retained the first
16 layers of the original YOLOv2 model, whereas all the
YOLOv2 layers after layer 16 were replaced with our own
convolution and detection layers. The entire network was
retuned using large-scale public facial data sets [22-24] to refine
the FLASH-TV face detector. The FLASH-TV face detector
returned bounding boxes with the 2D spatial coordinates around
all detected faces in each video frame, as shown in the second
box from the left in Figure 1.
A receiver operating curve analysis was performed on 10,000
test frames from design test triads 1, 2, and 3, stratified
according to the task and lighting conditions to identify the
threshold for the face detector. At the selected operating point,
the false positive rate per second was 0.79, and the sensitivity
was 92.5%. The goal was to set the face detector threshold in
a range to avoid missing faces (false negatives) in exchange for
accepting higher false positives. A false positive rate of 0.79
per second could be tolerated because most of these false
positives would be screened out during the next stage of
processing (the face verification step; Figure 2). In practice,
about 96% of the false positives were screened out by face
verification, achieving an effective false positive rate of 0.03
false positive face detections per second.
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Figure 2. Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) face detection. (a) FLASH-TV face detector takes an input
frame and detects faces in the image, shown in red boxes (b) Receiver operating curve (ROC) for the face detector. The region indicated in the blue box
in the ROC is enhanced in an inset to show the selection of the operating point. At the operating point, we have 0.79 false positives per second and a
sensitivity of 92.5% to optimize false negatives.

Face Verification
The goal of FLASH-TV face verification was to determine
whether any of the detected faces corresponded to the target
child. DeepFace [25], a state-of-the-art method for face
verification, was used to learn the face-specific features for face
verification using deep neural networks with residual
connections. A publicly available implementation of this
approach from FaceNet [26,27] was trained for face verification
on a publicly available data set, VGGFace2 [28], consisting of
3.3 million faces of 9000 identities. The resulting algorithm
was tested on the Labeled Faces in the Wild test set [29]
consisting of 5749 celebrities that were divided into 6000 face
pairs, and DeepFace accuracy on this data set was 99.6%.
To compute the similarity between the face in the bounding box
(output of face detector) to the gallery of images of the target
child, the correlation among their FaceNet features was
measured. For design tests 1 and 2, approximately 33,000
randomly selected test frames were used, and for design test 3,
https://pediatrics.jmir.org/2022/1/e33569
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approximately 4000 randomly selected test frames were used.
As seen in Figure 3, the match score is closer to 1 when
comparing the faces of the target child to another image of the
target child. A match score threshold of 0.93 (identified by
receiver operating curve analysis) was used in our
implementation of FLASH-TV as it provided a reasonable
trade-off between false positives and false negatives.
Preliminary analysis of face verification performance indicated
that the low-light level with the resultant noisy image was the
principal cause of face verification errors. Therefore, we refined
the face verification model by retraining the system on a large
data set of synthetic low-light, high-noise videos (where noise
was added to existing video data to simulate low-light
conditions). Further, we exploited the continuity of face identity
across successive video frames by automatically tracking and
smoothing identity evolution across frames. FLASH-TV face
verification resulted in 93% accuracy in identifying the target
child (see Results section for details).
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Figure 3. Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) face verification. Demonstration of the FLASH-TV face
verification approach. All faces identified in the face detection step are compared with a series of images of the target child’s face obtained at the start
of the study protocol. The FLASH-TV algorithm assigns a similarity score of each face identified to an image of the target’s child’s face. At a match
score threshold of 0.932, we optimize our true positives and true negatives compared with staff coding of faces among a random sample of 6000 pairs
of faces with half pairs being similar faces. Face pairs with match scores above the threshold are considered as similar faces and below that as dissimilar
faces. We show example face pairs with match scores in the range (0.991-0.822). Actual false positives and miss detection rates were much lower but
we show several examples of each here simply for illustrative purposes.

Gaze Detection
The goal of FLASH-TV gaze detection was to determine
whether the target child was looking directly at the television
(from which we inferred attention to the television). This was
done by first detecting the target child’s eyes and then estimating
their gaze direction (in relation to the location of the television).
Prior gaze detection systems focused on estimating gaze
direction from high-resolution images of eyes recorded on
mobile phones, tablets, or laptops, where the distances were
less than a meter [30-34]. Unfortunately, the FLASH-TV gaze
detector had to work with the small facial image sizes (typically
<50×50 pixels) captured in the bounding boxes from the video
https://pediatrics.jmir.org/2022/1/e33569
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data as the subjects were farther away (2-4 m), and the camera
had to cover a large field of view. Consequently, existing trained
models for gaze estimation could not be directly used within
the FLASH-TV context.
We adapted the Gaze360 approach of Kellnhofer et al [35] for
FLASH-TV gaze estimation using a publicly available code
base [36]. Gaze360 [35] provided a direction vector specifying
the direction in which the person was looking (Figure 4). For
FLASH-TV gaze detection, a dichotomous output, whether the
child’s gaze was or was not on the television was desired. To
obtain this dichotomous output from the gaze direction, angular
limits were set on the direction of the vector, which should be
JMIR Pediatr Parent 2022 | vol. 5 | iss. 1 | e33569 | p. 6
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identified as gaze, and outside, which should be no-gaze. These
angular vector limits depended on where the face was in the
frame and the relative position of the television (eg, notice the
gaze directions for different locations in the video frame shown
in Figure 4). To address this, the video frame was divided into
multiple regions, for which we identified the angular limits for
each. To account for the location of the television in the room,

Vadathya et al
we labeled each FLASH-TV data set with relative position
information between the FLASH-TV camera and the television.
For example, of the 16 triads for design tests 1, 2, and 3, we
have 10 triads with television in the center and 5 with television
in the left. One family’s data were obtained from a unique
position (below television) and could not be used in gaze
estimation training or testing.

Figure 4. Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) gaze estimation. All images identified as the target child by
the FLASH-TV face verification step in a bounding box are processed for the direction of the child’s gaze based on Gaze360 algorithms [35]. This
illustrates the resulting gaze vector (red arrow) that are classified as true positives (gaze) or true negatives (no gaze) by the system. Note, the angle of
the gaze vector that is considered a true positive (gaze) will depend on the location of the television in the foreground. The approximate television
location is indicated by a green box at the bottom of each image.
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We used the leave-one-out strategy to evaluate the Gaze360 on
FLASH-TV data. For each design test, we removed one of the
family triads as test data and used the remaining families’ video
data to train the algorithm. This was repeated for each triad in
the design tests. The training data were used to obtain the
angular limits for the gaze vector, which were then applied to
the test data, resulting in a dichotomous gaze or no-gaze output.
This binary output was compared with the gold standard human
coding of the video data. Our FLASH-TV gaze detector
achieved an accuracy of 87% (see the Results section for details).
At the end of each data collection session, the parents were
asked about their perceptions of FLASH-TV using a structured
interview guide. The brief interviews were audio-recorded,

transcribed, and coded for themes by 2 trained staff members
using NVivo (version 11, QSR International; 2015).

Statistical Analysis
A summary of the algorithms used by FLASH-TV for face
detection, face verification, and gaze estimation can be found
in Table 1. For each individual step of video data processing,
FLASH-TV output was compared with the gold standard
(staff-coded video data), and the accuracy, sensitivity,
specificity, positive predictive value (PPV), negative predictive
value (NPV), false positives per second, and processing time
were calculated within each family and then averaged across
families (Table 2).

Table 1. Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) algorithms.

a

FLASH-TV methods

Algorithm used

FPSa processing

Face detection

Modified YoLo [20]

20

Face verification

FaceNet [26,27]

12

Gaze estimation

Gaze360 [35,36]

30

FPS: frames per second.

Table 2. Outcome metrics assessed.
Outcome metric Formula

a

a

b

Interpretation in reference to gaze
c

d

Accuracy

TP +TN /(TP+TN+FP +FN ) Overall how often does FLASH-TVe make a correct prediction for gaze

Sensitivity

TP/(TP+FN)

High sensitivity indicates that when the child is watching television, FLASH-TV reports it as “Gaze”
(few false negatives)

Specificity

TN/(TN+FP)

High specificity indicates that frames in which child is not watching television, FLASH-TV reports
it as “no gaze” (few false positives)

PPVf

TP/(TP+FP)

High PPV indicates FLASH-TV “gaze” output corresponds to the child actually watching television

NPVg

TN/(TN+FN)

High NPV indicates FLASH-TV “no gaze” output corresponds to the child actually NOT watching
television

FPRh

FP/(FP+TN)

High FPR corresponds to incorrectly identifying the child is watching television, when the child is
actually NOT watching television

TP: true positive (ie, FLASH-TV gaze agrees with the gold standard).

b

TN: true negative (ie, FLASH-TV no gaze agrees with the gold standard.

c

FP: false positive (ie, FLASH-TV gaze does not agree with the gold standard).

d

FN: false negative (ie, FLASH-TV no gaze does not agree with the gold standard).

e

FLASH-TV: Family Level Assessment of Screen Use in the Home-Television.

f

PPV: positive predictive value.

g

NPV: negative predictive value.

h

FPR: false positive rate.

For face detection and face verification, the results were
presented for the overall video data and stratified on whether
the child’s gaze was on the television or not, as identified during
the gold standard staff-coded video data. Stratifying by child
gaze allows FLASH-TV to be evaluated in the context in which
FLASH-TV needs to perform well, when the child is actually
watching television, to estimate the target child’s screen viewing
or use time. The robustness or reliability of the face verification
to identify the target child across different days was assessed
in design test 3, when the parent-sibling triad returned to the
https://pediatrics.jmir.org/2022/1/e33569

XSL• FO
RenderX

observation laboratory for a second data collection session about
1 week after the initial data collection. As the 2 visits were
conducted on the same family, the average difference between
visits in the outcome metrics (sensitivity, specificity, accuracy,
PPV, NPV, and false positive rate) was calculated and tested
using the nonparametric Wilcoxon signed-rank test.
To further assess the face verification across different days,
exploratory generalized linear modeling was conducted to
determine the difference in the outcome metrics (sensitivity,
specificity, accuracy, PPV, NPV, and false-positive rate) by
JMIR Pediatr Parent 2022 | vol. 5 | iss. 1 | e33569 | p. 8
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visit. A compound symmetry correlation structure was assigned
to account for the nesting of repeated measurements within each
family per visit (because of multiple frames per visit). A Poisson
distribution was specified for all metrics except PPV, where a
binomial was specified to fit the data. The effects of visit and
family were tested as the main effects. The estimated difference
in the response probabilities (least square means) of the outcome
was obtained.
The goal of FLASH-TV was to estimate the target child’s
television viewing time. The target child’s total television
viewing time was estimated by sequentially running the 3 steps
of FLASH-TV and summing the duration of time the child’s
gaze was on the screen (given in minutes:seconds format). To
assess the target child’s television viewing time estimated by
the FLASH-TV system compared with the gold standard, the
agreement between the number of frames identified as television
viewing (after sequentially running each step) by the
FLASH-TV was compared with staff codes using the prevalence
and bias-adjusted κ. Moreover, reliability was assessed by means
of the intraclass correlation coefficient (ICC) using a generalized
linear mixed model accounting for the binary outcome
(television viewed or not viewed). A random frame nested
within the family effect was specified to reflect the ordering of
the frames within family. Correlations of ≤0.35 were defined
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as weak, 0.36 to 0.67 as moderate, ≥0.68 as high, and ≥0.9 as
very high [37]. The ICC was also used to determine the
reliability of the target child’s total television viewing time
estimated by the FLASH-TV system compared with the gold
standard using a generalized linear mixed model specifying a
lognormal distribution for the continuous outcome and random
frame nested within the family. Data from the in-home data
collection were used to independently test each algorithm step
and then the sequential assessment of each step for the overall
estimation of television viewing time for the child. Analyses
were conducted using SAS (version 9.4, SAS Institute, Inc).
Significance was determined using a two-sided α value of .05.
Face recognition and verification algorithms can introduce
potential race bias if the algorithm accuracy varies according
to the race of the child [38]. Therefore, we report television
viewing time estimates from FLASH-TV and the gold standard
stratified by child race, but the small sample size precludes
statistical comparisons.

Results
Overview
The demographics of the 21 parent-child triads (Table 3) indicate
a racially and ethnically diverse sample of families took part in
the design tests.
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Table 3. Demographics.
Overall

Design test 1

Design test 2

Design test 3 (2 visits)

Design test 4 (in-home)

Parent-sibling triads (n)

21

5

6

5

5

Children, n (%)

42 (100)

10 (100)

12 (100)

10 (100)

10 (100)

Age (years), mean (SD)

10.2 (2.1)

10.1 (2.5)

9.9 (2.1)

10.5 (1.9)

10.5 (2.0)

Sex (female), n (%)

25 (57)

6 (60)

5 (42)

7 (70)

7 (70)

Non-Hispanic White

16 (38)

4 (40)

4 (33)

2 (20)

6 (60)

Hispanic White

8 (19)

2 (20)

0 (0)

4 (40)

2 (20)

Non-Hispanic Black

10 (24)

2 (20)

6 (50)

2 (20)

0 (0)

Hispanic Black

2 (5)

0 (0)

0 (0)

2 (20)

0 (0)

Asian

2 (5)

0 (0)

2 (17)

0 (0)

0 (0)

Other (mixed or Hispanic Other)

4 (10)

2 (20)

0 (0)

0 (0)

2 (20)

21 (100)

5 (100)

6 (100)

5 (100)

5 (100)

Age (years), mean (SD)

43.9 (8.7)

42.6 (6.9)

46 (9.4)

43.8 (8.6)

42.8 (6.7)

Sex (female), n (%)

19 (91)

5 (100)

6 (100)

5 (100)

3 (60)

Non-Hispanic White

9 (43)

3 (60)

2 (33)

1 (20)

3 (60)

Hispanic White

4 (19)

1 (20)

0 (0)

2 (40)

1 (20)

Non-Hispanic Black

5 (24)

1 (20)

3 (50)

1 (20)

0 (0)

Hispanic Black

1 (5)

0 (0)

0 (0)

1 (20)

0 (0)

Asian

1 (5)

0 (0)

1 (17)

0 (0)

0 (0)

Other (mixed or Hispanic Other)

1 (5)

0 (0)

0 (0)

0 (0)

1 (20)

High school

2 (10)

0 (0)

0 (0)

1 (20)

1 (20)

Some college

6 (29)

2 (40)

1 (17)

2 (40)

1 (20)

College

9 (43)

3 (60)

3 (50)

1 (20)

2 (40)

Graduate school

4 (19)

0 (0)

2 (33)

1 (20)

1 (20)

Race and ethnicity, n (%)

Parent, n (%)

Race and ethnicity, n (%)

Education, n (%)

Face Detection
Table 4 reports the outcomes for FLASH-TV face detection
algorithm alone. The FLASH-TV face detector achieved a mean
conditional (ie, when the child’s gaze was on the television)
sensitivity of 95.5% (SD 4.79%) with 0.43 (SD 0.51) false
positives per second for design tests 1 and 2 on approximately
33,000 test frames. For design test 3, the conditional sensitivity
was 96.4% (SD 3.61%) with 0.2 (SD 0.06) false positives per
second on approximately 4000 randomly selected test frames.
The face detector was also tested with the in-home data from
design test 4, which provided 7.5 hours of video data from 5
parent-sibling triads. The face detector’s conditional sensitivity
was 97.9% (SD 0.02%) with 0.3 (SD 0.15) false positives per
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second on approximately randomly selected 20,000 test frames,
supporting a high accuracy in real-life scenarios and providing
greater confidence that the face detector is functioning at an
appropriate accuracy to be used in the three-step process of
estimating a child’s screen use on larger screens. Our current
FLASH-TV face detector is running at 20 frames per second.
Exploratory qualitative review of the false positives (regions
that are not human face) identified by the FLASH-TV face
detector included patterns in cushions and surroundings, cartoon
faces, and animal faces (Figure 5). Examples of false negatives
(human faces that are not detected) identified by FLASH-TV
face detector (lacking a red bounding box) included instances
when the faces were not oriented upright (eg, reclining on sofa),
were partially occluded, or were in low-light settings.
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Table 4. Family Level Assessment of Screen Use in the Home-Television face detectiona.
Sensitivity (%; range)

Positive predictive value (%; range)

Overall (target child, sibling, and parent)

91.9 (83.2-96.7)

86.6 (67.4-93.9)

With gaze on television (target child)

95.5 (78.8-96.9)

74.9 (53.6-93.0)

Without gaze on television (target child)

87.7 (78.8-96.9)

55.1 (26.8-73.0)

Overall (target child, sibling, and parent)

96.2 (93.4-98.7)

83.5 (72.3-89.8)

With gaze on television (target child)

96.4 (87.5-100.0)

61.9 (38.4-73.4)

Without gaze on television (target child)

89.8 (73.0-96.4)

48.1 (37.6-64.0)

Overall (target child, sibling, and parent)

92.0 (83.9-99.5)

70.1 (54.5-86.6)

With gaze on television (target child)

97.9 (94.7-99.9)

52.5 (30.8-75.4)

Without gaze on television (target child)

86.1 (65.2-97.5)

42.1 (30.7-71.7)

Design tests 1 and 2 (n=11 triads)

Design test 3—two visits combined (n=5 triads)

Design test 4—in-home observation (n=5 triads)

a

True negatives are not meaningful to assess for face detection because they represent everything in the video that is not detected as a face. Therefore,
accuracy, specificity, and negative predictive values (that depend on true negatives) were not calculated for face detection.
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Figure 5. Face detection results. (a) Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) face detector captures the faces
(indicated in red boxes) across tasks and lighting conditions. (b) Examples of false positives (regions that are not human face) identified by FLASH-TV
face detector. Notice the patterns identified as faces (B1, B3, B4, B6, B7, and B9); also the cartoon face detected (B2) and the animal face detected
(B8). (c) Examples of false negatives (human faces that are not detected) by FLASH-TV face detector (lacking a red bounding box). The face detector
has difficulty in detecting faces, when the faces are not orientated upright (C3, C4, and C7), when the face is partially occluded (C5, C6, and C8), and
when the lighting is dark (C2 and C9).

Face Verification
Table 5 reports the outcomes for FLASH-TV face verification
algorithm alone. For design tests 1 and 2, our face verification
method achieved a mean conditional (ie, when the child’s gaze
was on the television) sensitivity of 93.1% (SD 7.03%) for
identifying the target child on approximately randomly selected
33,000 test frames. For design test 3, a conditional sensitivity
https://pediatrics.jmir.org/2022/1/e33569
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of 96.1% (SD 3.77%) was achieved on randomly selected
approximately 4000 test frames. Similarly, on our in-home data
set from design test 4, the sensitivity was 91.3% (SD 15.71%)
for identifying the target child. The current speed of face
verification is 12 frames per second. Examples of false positives
and false negatives for face verification for the target child can
be found in Figure 6. Exploratory qualitative review of the errors
revealed these happened when the target child’s face was
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partially occluded when they were not watching television and
when the lighting in the room was dim, similar to face detection.
Note that not identifying the target child’s face when there is
no-gaze will not affect our final television watching time.
Using the Wilcoxon signed-rank test to test the mean difference
across visits 1 and 2 in design study 3, small differences in mean
sensitivity (−0.05, SD 0.46), accuracy (−0.01, SD 0.18), and
NPV (−0.01, SD 0.15) were identified, with mean values being
lower in visit 2 than in visit 1. These differences were identified
overall, and were no longer significant for times when the child’s
gaze was on television for all outcomes except NPV. The

generalized linear models showed that the outcome metrics
(sensitivity, specificity, accuracy, PPV, NPV, and false positive
rate) did not differ by visit. Mean differences in response
probabilities for visit 2 relative to visit 1 for the sensitivity was
0.99 (P=.86), specificity 0.99 (P=.37), accuracy 0.99 (P=.93),
PPV 0.87 (P=.48), NPV 1.0 (P=.87), and the false-positive rate
1.07 (P=.27). Mean differences did not change remarkably after
stratifying by gaze status (not shown). However, large
differences between family pairs (>20%) were observed only
for PPV, specifically 23.32% (95% CI 16.71%-32.29%) and
44.41% (95% CI 32.77%-60.18%). These differences persisted
only when the child was viewing television.

Table 5. Family Level Assessment of Screen Use in the Home-Television face verification of target child.
Accuracy
(%; range)

Sensitivity
a

(%; range)

a

Specificity

Positive predictive

Negative predictive

(%; range)a

value (%; range)a

value (%; range)a

Design tests 1 and 2 (n=11 triadsa)
Overall

92.8 (83.6-96.8)

78.0 (59.2-92.3)

97.2 (88.6-99.6)

89.0 (65.0-98.8)

93.8 (88.9-97.7)

With gaze on television

97.8 (94.6-99.6)

93.1 (77.1-98.9)

99.4 (96.9-100)

98.2 (90.5-100)

97.7 (93.4-99.6)

Without gaze on television

91.2 (87.7-96.5)

71.9 (51.9-92.0)

96.6 (84.9-99.4)

85.9 (54.8-98.8)

92.4 (87.1-97.4)

Design test 3—two visits combined (n=5 triads)
Overall

94.5 (85.5-99.0)

83.7 (42.2-97.2)

97.3 (90.3-99.6)

89.7 (64.2-98.9)

95.84 (87.3-99.1)

With gaze on television

96.1 (83.5-99.6)

96.1 (85.9-98.6)

96.2 (82.8-100)

89.5 (53.7-100)

98.08 (95.9-99.5)

Without gaze on television

92.9 (84.7-98.7)

73.9 (24.6-98.2)

97.7 (90.2-100)

90.1 (65.5-100)

93.80 (84.6-99.4)

Design test 4—in-home observation (n=5 triads)

a

Overall

94.3 (82.6-99.1)

86.9 (66.3-98.7)

99.1 (98.5-99.75)

97.7 (93.9-99.5)

92.7 (73.8-99.4)

With gaze on television

95.7 (81.3-99.9)

91.3 (63.4-99.9)

99.8 (99.5-100)

99.7 (99.3-100)

93.6 (72.6-99.5)

Without gaze on television

91.2 (83.3-96.1)

79.7 (42.0-97.0)

96.8 (94.8-98.8)

92.3 (81.0-98.7)

89.9 (79.7-98.6)

Data analyzed at the frame (ie, bounding box). Given the small sample sizes in each design test, the mean and range (minimum–maximum) are reported.
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Figure 6. Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) face verification results. This figure shows the frames from
different participants where the FLASH-TV face verification identifies the target child in the frame. True positives indicate when the child is identified
correctly. False positives indicate when a parent or sibling is mistaken as the target child and false negatives indicate when the target child is not identified
correctly. Most of the errors occur when the target child’s face is partially occluded when they are not watching television and when the lighting in the
room is dim. Note that if the target child’s face is not identified when there is no-gaze, it will not affect our television viewing time.

Gaze Detection
Table 6 reports the output for the gaze estimation algorithm
alone. For gaze detection with television position in center (10
families), the mean accuracy was 87.2% (SD 7.38%) and mean
sensitivity and specificity of 81% (SD 25.3%) and 86.8% (SD
7.14%), respectively (Table 5). For television position to the
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left of the room (5 families), the mean accuracy was 87% (SD
6.05%) and mean sensitivity and specificity of 76.2% (SD
20.9%) and 90.8% (SD 2.94), respectively. The current speed
at which our gaze detection processes the frames is 30 frames
per second. Figure 7 illustrates the most common errors for gaze
estimation.
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Table 6. Gaze detection of target child.
Television position

Accuracy (%;
range)

Sensitivity (%;
range)

Specificity (%;
range)

Positive predicative
value (%; range)

Negative predictive
value (%; range)

False positives rate
(%; range)

Center of wall (n=10)a

88.0 (74.1-93.1)

73.2 (27.8-95.3)

91.2 (75.8-96.9)

82.1 (68.1-93.7)

87.8 (75.3-98.1)

8.82 (3.1-24.3)

Left corner of room

87.1 (76.8-91.8)

76.2 (54.0-96.1)

90.8 (87.3-94.4)

74.2 (65.5-86.2)

91.5 (76.5-98.7)

9.2 (5.62-12.7)

In-home television posi- 75.6 (54.9-93.7)

73.4 (45.2-95.4)

82.7 (71.2-91.1)

90.8 (73.4-97.3)

55.1 (30.7-80.6)

17.3 (8.9-28.8)

(n=5)a,b
tion varied (n=5)c
a

Design tests 1 to 3 (in observation laboratory data collection).

b

One family’s data from design tests 1 to 3 were obtained from a unique position (below television) and could not be used in gaze estimation training
or testing.
c

Design test 4 (in-home data collection).

Figure 7. Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) gaze estimation errors. This illustrates examples of errors
from the FLASH-TV gaze estimator. The top two rows show false negatives resulting from FLASH-TV identifying no gaze on television, but staff
coded gaze (gold standard). Qualitative assessment identified common reasons for false positives included low-light conditions (second row), the child’s
face orientation not orientated upright (first row leftmost). Bottom two rows show false positives when FLASH-TV identified gaze, but the staff coded
no gaze (gold standard). Qualitative assessment identified common reasons for false negatives included that gaze estimator has difficulty when children
pay attention to something close to the television but not on the television (third row) and low-resolution (fourth row middle). The television location
is indicated by a green box at the bottom of each image.

Overall Television Viewing Time Estimation
When implementing the 3 steps sequentially to estimate the
target child’s television viewing time, the ICC was 0.725 when
comparing the child’s estimated television viewing time per the
FLASH three-step algorithm to the gold standard for total time,
coded by staff (Table 7). The prevalence and bias-adjusted κ
statistic was 0.728 (95% CI 0.727-0.729; P<.001) and the ICC
comparing the number of frames identified as television viewing
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by the FLASH-TV with the human labelers was 0.401. The
breakdown of correlations under different conditions is shown
in Table 7. Figure 8 shows the comparison of television viewing
time between FLASH-TV and the gold standard across 20 triads
from our design tests.
A comparison of the television viewing time estimated by
FLASH and the gold standard by race and ethnicity found that
FLASH-TV underestimated television viewing time in all groups
(Table 8).
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Table 7. Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) estimation of target child’s television viewing time during a
90-minute observation period.
Television position

Gold standard television viewing time
(minutes; range)

Television viewing

Overall

17.47 (4.7-44.0)

21.72 (8.93-43.0)

0.728 (0.727-0.729)c

0.725

0.401

Center of wall (n=10)d

17.08 (4.7-44.0)

20.2 (12.2-43.0)

0.787 (0.786-0.788)c

0.717

0.428

Left corner of room (n=5)d,e

12.26 (5.5-23.3)

13.24 (8.93-22.5)

0.791 (0.789-0.793)c

0.762

0.392

In home, television position

23.5 (9.9-37.4)

33.3 (23.3-42.7)

0.499 (0.497-0.502)c

0.354

0.293

varied (n=5)f
a

ICCb of total televi- ICC of television
sion viewing time viewing frame by
frame

FLASH-TV estimated
television viewing time
(minutes; range)

frame by frame, κ
(95% CI)

a

Prevalence and bias-adjusted κ statistic.

b

ICC: intraclass correlation.

c

P<.001.

d

Design tests 1 to 3 (in observation laboratory data collection).

e

One family’s data from design tests 1 to 3 were obtained from a unique position (below television) and could not be used in gaze estimation training
or testing.
f

Design test 4 (in-home data collection).

Figure 8. Scatter plot of gold standard television viewing time versus Family Level Assessment of Screen Use in the Home-Television (FLASH-TV)
prediction. This plot compares gold standard television viewing time with FLASH-TV prediction for the 20 triads from our design tests. The television
position for each data point is indicated in the legend. Most of our data points lie along the reference diagonal line (y = x) indicating the agreement
between FLASH-TV and gold standard. The points below the diagonal indicate FLASH-TV underestimates (y < x) the television viewing time, whereas
the points below the diagonal indicate that FLASH-TV overestimates (y > x) the viewing time. CNRC: Children’s Nutrition Research Center.
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Table 8. Exploration of race bias of Family Level Assessment of Screen Use in the Home-Television (FLASH-TV) television viewing estimates.

a

Child race and ethnicity

FLASH-TV estimated television viewing time (minutes),
mean (SD)

Gold standard television viewing time (minutes), mean
(SD)

Blacka (n=5)

7.62 (2.41)

13.26 (3.45)

Hispanicb (n=5)

25.17 (10.46)

27.93 (9.95)

Non-Hispanic White (n=8)

20.0 (12.38)

25.16 (13.43)

Otherc (n=2)

12.06 (3.85)

12.63 (0.92)

Black includes African American and Hispanic Black

b

Hispanic includes Hispanic-White and Hispanic-unknown

c

Other includes Asian and Hispanic-Filipino.

Participants’ Thoughts About FLASH-TV
Most parents felt comfortable with or neutral toward having
FLASH-TV in their home, especially as it would be helpful for
them to see how much screen time their children obtained. Some
participants were concerned with privacy: whether the camera
would be recording all the time and who will have access to
their data. Suggestions for improvement included having the
ability to turn off the device at will, limiting to only video or
audio data, and getting a breakdown about how their data are
stored and processed.

Discussion
Principal Findings
FLASH-TV is being developed as an automated, objective
assessment for measuring children’s screen use on stationary
screens (eg, televisions, gaming systems, and computers) in the
home, using deep-learning computer vision algorithms to
process video data obtained from in front of a stationary screen.
The FLASH-TV system estimates the time a child spends
watching a specific screen by processing video data in three
sequential steps for (1) face detection, (2) face verification of
the target child, and (3) gaze detection of the target child. The
findings from our study suggest that with further refinement,
the FLASH-TV system can be a useful assessment tool for
children’s viewing of large stationary screens. Output from
FLASH-TV could be used in combination with other new
assessment tools of other screen media use [11] to develop a
composite of children’s screen media use across platforms.

FLASH-TV Performance of Algorithms
The current version of FLASH-TV demonstrated high sensitivity
for detecting faces when the child’s gaze was on the television
(95.5%-97.9%) and poor-to-moderate PPV (52.5%-74.9%;
Table 4). In developing the FLASH system, a low PPV was
accepted for face detection to maximize the sensitivity (true
positive rate) and keep false negatives low. This allows the
FLASH-TV system to have a larger pool of images for the
second step, face verification, which filters out all segments
from step 1 that are not the target child, resulting in fewer false
negatives from incorrect detection of the target child.
FLASH-TV demonstrated high (all >90%) accuracy, sensitivity,
specificity, NPV, and PPV (Table 5) for correctly identifying
the target child’s face under the condition that the child’s gaze
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was on the television, even when tested in the child’s home.
The small differences in outcome metrics identified for face
verification across visits by the same child were only present
when the child was not watching television, except for the NPV.
A significant difference in NPV between the 2 visits may
indicate that FLASH-TV has some difficulty in identifying true
negatives across days for a child. However, in this small sample,
there were no differences in the outcome metrics by visit with
the generalized linear models, which accounted for the
correlation of data within a family. However, differences were
found between families only for PPV. Qualitative assessment
of the video data for face verification, where FLASH-TV
performed the worst, suggests that the primary sources of error
were when the child’s face was partially occluded or in dim
lighting. Training the FLASH-TV face verification further in
simulated darkened images of the child may help alleviate this
moving forward.
The accuracy, specificity, and NPV were relatively high (>85%)
for FLASH-TV when the gaze assessment was in the observation
laboratory, compared with the home (>75%). However, the
sensitivity was only moderate (73.2%-76.2%) and similar for
each condition. PPV was higher and NPV was lower for in-home
assessments. Data collected in the home, a free-living situation,
are likely to contain more variability that will need to be
addressed. In addition, qualitative assessment of gaze estimation
suggests that the primary sources of error were low light, low
resolution, and the child’s head orientation not being upright.
Training the FLASH-TV gaze estimator on more varied data
from different room configurations, different-sized televisions,
and different locations of the television in the room should help
address this moving forward. Simulating the current data with
different head configurations and lighting conditions can provide
additional training data to further refine the gaze estimator.

FLASH-TV Estimation of Television Viewing
When combining the 3 sequential CNN visual-processing steps,
FLASH-TV estimation of the child’s television viewing time
was overall good (ICC for overall time watched television of
0.725 across conditions). However, a moderate ICC (0.401)
was obtained when comparing the FLASH-TV system output
for television viewing with the staff codes at the frame level.
This suggests that sources of variability other than FLASH-TV
or staff contribute to the estimation of a child’s television
viewing time at the frame level, such as family unit, television
position, or lighting during data collection. Therefore,
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FLASH-TV should not be used to assess gaze at extremely
refined time increments defined at the frame level (1/30th of a
second). In fact, researchers are unlikely to analyze children’s
television viewing data at the second or minute level, reducing
the impact of these unexplained sources of variability at the
frame level. The next steps in refining the FLASH-TV output
will include assessing whether smoothing the data into longer
time epochs (eg, 5 s, 15 s, or 30 s) will smooth the variability
caused by errors at the frame level to help improve the
robustness of FLASH-TV in estimating children’s television
viewing.
Qualitative analyses of the video data for the families where
FLASH-TV performed the worst in estimating the child’s
television watching time found that differences in the child’s
viewing position were the most common challenge. Similar to
other approaches using video images to measure children’s
screen use [39], accuracy was impaired when children were
reclining or laying on a couch or chair causing part or most of
their face to be obscured. In these instances, the FLASH-TV
often would not correctly identify the target child or their gaze,
causing underestimation of television viewing. Training the
FLASH-TV algorithms on larger data sets with the child
reclining or laying down may help this.
Despite its current limitations, FLASH-TV is a significant
improvement over current self- or parent-report methods that
estimate how much time children spend watching television
using gross categories. The ICC for the child’s total television
viewing time for FLASH-TV was high (0.725), slightly better
than that previously reported for television diaries (r=0.67), and
much better than general estimates by parents (r=0.27) [18],
which are commonly used in research [17]. Given how the data
are collected within a family, our ICC estimates take into
account nesting within the family unit, making them pragmatic
and beneficial for powering future family-based studies.
FLASH-TV also substantially decreases participant burden,
which was noted to generate selection bias when using television
diaries [18]. Other tools, such as TV Allowance, have been
proposed as an objective assessment of television viewing
among children [40]. The TV Allowance was developed for
parents to limit their child’s access to television screens and
required the child or parent to enter the child-specific code each
time the child watches television. This may cause
misclassification errors if the child is not watching the entire
time the television is turned on or watches under another family
member’s code. The TV Allowance only had a moderate
correlation with parental estimates of television viewing in 4-to
7-year-old children [40] and preschool children [41]. In both
studies, no comparison was made to the gold standard for direct
or video-recorded observations. To our knowledge, the TV
Allowance is no longer available for purchase. Forward-facing,
wearable cameras automated to record images at frequent time
intervals have also been investigated to estimate children’s
screen use [39]. Such cameras appear to effectively capture
images of screens (televisions, laptops, and smartphones) to
which the child is exposed when the child is upright. However,
similar to FLASH-TV, these cameras had problems when the
child was laying down (capturing ceiling images instead). In
addition, exposure to a screen does not mean that the child is
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attending to the programming. Furthermore, such cameras are
dependent on the child wearing the camera, and wear time
declines every evening over a 3-day study period from 78% to
51% of the evening time [39]. Placing the camera on the
television instead, like FLASH-TV, places less burden on the
child to complete the television watching assessment.

Race Bias
Machine learning algorithms for face recognition and
verification have come under scrutiny for not being as accurate
across races, termed race bias [38]. Previous work has
demonstrated that the source of race bias is related to both
data-driven factors (eg, the representativeness of training data
sets, the representativeness of the study population, and image
conditions) and scenario-modeling factors (eg, thresholds used
for face verification) [38]. Exploratory analyses of FLASH-TV
suggest FLASH-TV underestimation of television viewing in
all groups, but this may be greater among Black and
non-Hispanic White children. However, the small sample size
and variability in television viewing time between groups make
statistical comparisons difficult at this stage. The design studies
intentionally included a diverse sample of children to provide
diverse training data to minimize the data-driven causes of race
bias with FLASH-TV. Further refinement of FLASH-TV is
needed, with continued attention to prevent the possibility of a
race bias. If race bias occurs with larger sample sizes,
approaches to mitigate race bias will be explored such as
race-specific thresholds for face verification [38].

Privacy Concerns
Assessments based on the collected images of a child’s varied
surroundings raise concerns about privacy. Scientists using
forward-facing wearable cameras have developed frameworks
to manage the ethical considerations for capturing vast amounts
of image data in various contexts [42,43]. The single location
and context of the image data collected by FLASH-TV is
different from that of wearable cameras. However, privacy
issues remain. Some parents who participated in the design
studies raised concerns about privacy issues with FLASH-TV.
Once developed and deployed as a tool for measuring children’s
television watching, the goal is to have FLASH-TV preserve
privacy by only storing the processed output of the FLASH-TV
machine learning algorithms and not storing the video data.
This should address most of the parents’ concerns, but
illustrating this to families before data collection may be
important. However, until FLASH-TV has undergone further
refinements and enhancements, studies require the video data
to be stored to allow a gold standard for training the machine
learning algorithms and to compare the FLASH-TV output.
Such validation studies are critical to ensure the resulting system
accurately captures a child’s television viewing behaviors and
times [17] to allow for higher quality assessment in exposure
studies and to assess the effect of television viewing reduction
interventions.

Limitations
To date, FLASH-TV has only been assessed during relatively
short periods in task-based protocols to simulate scenarios of
children’s typical screen use behaviors. Future studies will need
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to assess how robust FLASH-TV is in estimating a child’s screen
use across multiple days. Most of the design tests conducted
during the development of FLASH-TV were conducted in an
observational laboratory. The location of the television in the
room varied slightly across families, in addition to the
participants’ location during each protocol. However, gaze
estimation depends on the gaze vectors of the child. Therefore,
the algorithms need to be trained on additional video data to
capture a child’s gaze on a television screen in different
positions in the room, resulting in different potential gaze
vectors for the child. The sample of participants who took part
in the design tests to help develop FLASH-TV were of varied
race and ethnic backgrounds. FLASH-TV may not perform
equally well for face detection and face verification across all
families. Future analyses in larger, diverse data sets should
evaluate whether child race, ethnicity, age, and similarity to
sibling affect FLASH-TV time estimates for television viewing
to ensure FLASH-TV works well across all groups of children.

Vadathya et al
Finally, FLASH-TV does not assess content watched, or whether
the child was active or sedentary while watching television or
playing videogames. Future research should investigate the
integration of FLASH-TV output with other data sources, such
as accelerometer data, to better characterize the activity levels
of children as they engage with screens.

Conclusions
We have designed, developed, and performed initial design tests
of FLASH-TV, the first-of-its-kind, quantitative, objective,
automatic measurement tool for children’s television viewing.
FLASH-TV offers a critical step forward in the assessment of
children’s television viewing. Objective assessment of television
viewing from FLASH-TV could be added to output from
assessment tools of other screen platforms, for a composite
measure of screen use among children to better inform research
on the impact of screen use on children’s health and
developmental outcomes.

Acknowledgments
This work was supported by the National Institute of Diabetes and Digestive and Kidney Diseases of the National Institutes of
Health (grant number R01DK113269). This work was also supported by the United States Department of Agriculture and
Agricultural Research Service (cooperative agreement 58-3092-0-001, [TO]). The contents of this work are solely the responsibility
of the authors and do not necessarily represent the official views of the National Institutes of Health or United States Department
of Agriculture. The authors would also like to acknowledge all the hard work by students and staff who were trained, certified,
and helped with labeling the video data for the gold-standard assessment: Olivia Hindera and Alexa Mason; Staff: Edgar Galdamez,
Saira Sarwar, and Tatyana Garza.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Sample task-based protocol for design test 1.
[DOCX File , 14 KB-Multimedia Appendix 1]

References
1.
2.
3.

4.
5.
6.

7.

8.

Council on Communications and Media. Children, adolescents, and the media. Pediatrics 2013;132(5):958-961. [doi:
10.1542/peds.2013-2656] [Medline: 28448255]
Rideout VJ, Foehr UG, Roberts DF. Generation M2: media in the lives of 8- to 18-year-olds. Kaiser Family Foundation.
2010. URL: https://www.kff.org/other/poll-finding/report-generation-m2-media-in-the-lives/ [accessed 2020-06-29]
Rideout V, Robb MB. The common sense census: media use by kids age zero to eight. Common Sense Media. 2020. URL:
https://www.commonsensemedia.org/sites/default/files/uploads/research/2020_zero_to_eight_census_final_web.pdf
[accessed 2021-12-02]
Byrne R, Terranova CO, Trost SG. Measurement of screen time among young children aged 0-6 years: a systematic review.
Obes Rev 2021;22(8):e13260 [FREE Full text] [doi: 10.1111/obr.13260] [Medline: 33960616]
Rideout V, Robb MB. The common sense census: media use by tweens and teens. Common Sense. 2019. URL: https:/
/tinyurl.com/3zdn39ae [accessed 2021-12-02]
Carson V, Kuzik N, Hunter S, Wiebe SA, Spence JC, Friedman A, et al. Systematic review of sedentary behavior and
cognitive development in early childhood. Prev Med 2015;78:115-122. [doi: 10.1016/j.ypmed.2015.07.016] [Medline:
26212631]
Carson V, Hunter S, Kuzik N, Gray CE, Poitras VJ, Chaput JP, et al. Systematic review of sedentary behaviour and health
indicators in school-aged children and youth: an update. Appl Physiol Nutr Metab 2016;41(6 Suppl 3):S240-S265. [doi:
10.1139/apnm-2015-0630] [Medline: 27306432]
Tremblay MS, LeBlanc AG, Kho ME, Saunders TJ, Larouche R, Colley RC, et al. Systematic review of sedentary behaviour
and health indicators in school-aged children and youth. Int J Behav Nutr Phys Act 2011;8:98 [FREE Full text] [doi:
10.1186/1479-5868-8-98] [Medline: 21936895]

https://pediatrics.jmir.org/2022/1/e33569

XSL• FO
RenderX

JMIR Pediatr Parent 2022 | vol. 5 | iss. 1 | e33569 | p. 19
(page number not for citation purposes)

JMIR PEDIATRICS AND PARENTING
9.
10.
11.
12.

13.
14.

15.
16.

17.
18.

19.
20.
21.
22.

23.

24.

25.

26.

27.
28.

29.

30.
31.

32.

Christakis DA, Zimmerman FJ. Media as a public health issue. Arch Pediatr Adolesc Med 2006;160(4):445-446. [doi:
10.1001/archpedi.160.4.445] [Medline: 16585492]
Wilcockson TD, Ellis DA, Shaw H. Determining typical smartphone usage: what data do we need? Cyberpsychol Behav
Soc Netw 2018;21(6):395-398. [doi: 10.1089/cyber.2017.0652] [Medline: 29781716]
Radesky JS, Weeks HM, Ball R, Schaller A, Yeo S, Durnez J, et al. Young children’s use of smartphones and tablets.
Pediatrics 2020;146(1):e20193518. [doi: 10.1542/peds.2019-3518] [Medline: 32482771]
Ram N, Yang X, Cho MJ, Brinberg M, Muirhead F, Reeves B, et al. Screenomics: a new approach for observing and
studying individuals' dgital lives. J Adolesc Res 2020;35(1):16-50 [FREE Full text] [doi: 10.1177/0743558419883362]
[Medline: 32161431]
Bickham DS, Blood EA, Walls CE, Shrier LA, Rich M. Characteristics of screen media use associated with higher BMI
in young adolescents. Pediatrics 2013;131(5):935-941 [FREE Full text] [doi: 10.1542/peds.2012-1197] [Medline: 23569098]
Falbe J, Willett WC, Rosner B, Gortmaker SL, Sonneville KR, Field AE. Longitudinal relations of television, electronic
games, and digital versatile discs with changes in diet in adolescents. Am J Clin Nutr 2014;100(4):1173-1181 [FREE Full
text] [doi: 10.3945/ajcn.114.088500] [Medline: 25240080]
The new multi-screen world: understanding cross-platform consumer behavior. Think with Google. 2012. URL: https:/
/tinyurl.com/5xczcjc [accessed 2022-02-23]
Canadian Paediatric Society, Digital Health Task Force, Ottawa, Ontario. Digital media: promoting healthy screen use in
school-aged children and adolescents. Paediatr Child Health 2019;24(6):402-417 [FREE Full text] [doi: 10.1093/pch/pxz095]
[Medline: 31528113]
Bryant MJ, Lucove JC, Evenson KR, Marshall S. Measurement of television viewing in children and adolescents: a systematic
review. Obes Rev 2007;8(3):197-209. [doi: 10.1111/j.1467-789x.2006.00295.x] [Medline: 17444962]
Anderson DR, Field DE, Collins PA, Lorch EP, Nathan JG. Estimates of young children's time with television: a
methodological comparison of parent reports with time-lapse video home observation. Child Dev 1985;56(5):1345-1357.
[doi: 10.1111/j.1467-8624.1985.tb00202.x] [Medline: 4053746]
Borzekowski DL, Robinson TN. Viewing the viewers: ten video cases of children's television viewing behaviors. J Broadcast
Electron Media 1999;43(4):506-528. [doi: 10.1080/08838159909364507]
Redmon J, Farhadi A. YOLO9000: better, faster, stronger. In: 2017 IEEE Conference on Computer Vision and Pattern
Recognition. 2017 Presented at: CVPR '17; July 21-26, 2017; Honolulu, HI p. 6517-6525. [doi: 10.1109/cvpr.2017.690]
Redmond J. Darknet. Github. 2016. URL: https://github.com/pjreddie/darknet [accessed 2021-02-21]
Yang S, Luo P, Loy C, Tang X. Wider face: a face detection benchmark. In: 2016 IEEE Conference on Computer Vision
and Pattern Recognition. 2016 Presented at: CVPR '16; June 27-30, 2016; Las Vegas, NV p. 5525-5533. [doi:
10.1109/cvpr.2016.596]
Zhu X, Ramanan D. Face detection, pose estimation, and landmark localization in the wild. In: IEEE Conference on
Computer Vision and Pattern Recognition. 2012 Presented at: CVPR '12; June 16-21, 2012; Providence, RI p. 2879-2886.
[doi: 10.1109/cvpr.2012.6248014]
Koestinger M, Wohlhart P, Roth PM, Bischof H. Annotated facial landmarks in the wild: a large-scale, real-world database
for facial landmark localization. In: 2011 IEEE International Conference on Computer Vision Workshops. 2011 Presented
at: ICCVW '11; November 6-13, 2011; Barcelona, Spain p. 2144-2151. [doi: 10.1109/iccvw.2011.6130513]
Taigman Y, Yang M, Ranzato M, Wolf L. DeepFace: closing the gap to human-level performance in face verification. In:
2014 IEEE Conference on Computer Vision and Pattern Recognition. 2014 Presented at: CVPR '14; June 23-28, 2014;
Columbus, OH p. 1701-1708. [doi: 10.1109/cvpr.2014.220]
Schroff F, Kalenichenko D, Philbin J. FaceNet: a unified embedding for face recognition and clustering. In: 2015 IEEE
Conference on Computer Vision and Pattern Recognition. 2015 Presented at: CVPR '15; October 15, 2015; Boston, MA
p. 815-823. [doi: 10.1109/cvpr.2015.7298682]
Sandberg D. FaceNet. GitHub. 2017. URL: https://github.com/davidsandberg/facenet [accessed 2021-02-21]
Cao Q, Shen L, Xie W, Parkhi OM, Zisserman A. Vggface2: a dataset for recognising faces across pose and age. In: 13th
IEEE International Conference on Automatic Face & Gesture Recognition. 2018 Presented at: AFGR '18; May 15-19, 2018;
Xi'an, China p. 67-74. [doi: 10.1109/fg.2018.00020]
Huang GB, Mattar M, Berg T, Learned-Miller E. Labeled faces in the wild: a database for studying face recognition in
unconstrained environments. In: Workshop on Faces in 'Real-Life' Images: Detection, Alignment, and Recognition. 2008
Presented at: ECCV '08; October 17, 2008; Marseille, France.
Valenti R, Sebe N, Gevers T. Combining head pose and eye location information for gaze estimation. IEEE Trans Image
Process 2012;21(2):802-815. [doi: 10.1109/TIP.2011.2162740] [Medline: 21788191]
Krafka K, Khosla A, Kellnhofer P, Kannan H, Bhandarkar S, Matusik W, et al. Eye tracking for everyone. In: 2016 IEEE
Conference on Computer Vision and Pattern Recognition. 2016 Presented at: CVPR '16; June 27-30, 2016; Las Vegas, NV
p. 2176-2184. [doi: 10.1109/cvpr.2016.239]
Zhang X, Sugano Y, Fritz M, Bulling A. Appearance-based gaze estimation in the wild. In: 2015 IEEE Conference on
Computer Vision and Pattern Recognition. 2015 Presented at: CVPR '15; June 7-12, 2015; Boston, MA p. 4511-4520. [doi:
10.1109/cvpr.2015.7299081]

https://pediatrics.jmir.org/2022/1/e33569

XSL• FO
RenderX

Vadathya et al

JMIR Pediatr Parent 2022 | vol. 5 | iss. 1 | e33569 | p. 20
(page number not for citation purposes)

JMIR PEDIATRICS AND PARENTING
33.

34.
35.

36.
37.
38.

39.
40.

41.

42.

43.

Vadathya et al

Zhang X, Sugano Y, Fritz M, Bulling A. It’s written all over your face: full-face appearance-based gaze estimation. In:
2017 IEEE Conference on Computer Vision and Pattern Recognition Workshops. 2017 Presented at: CVPRW '17; July
21-26, 2017; Honolulu, HI p. 2299-2308. [doi: 10.1109/cvprw.2017.284]
Zhang X, Sugano Y, Fritz M, Bulling A. MPIIGaze: real-world dataset and deep appearance-based gaze estimation. IEEE
Trans Pattern Anal Mach Intell 2019;41(1):162-175. [doi: 10.1109/TPAMI.2017.2778103] [Medline: 29990057]
Kellnhofer P, Recasens A, Stent S, Matusik W, Torralba A. Gaze360: Physically unconstrained gaze estimation in the wild.
In: IEEE/CVF International Conference on Computer Vision. 2019 Presented at: ICCV '19; October 27-November 2, 2019;
Seoul, South Korea p. 6912-6921. [doi: 10.1109/iccv.2019.00701]
Gaze360. GitHub. URL: https://github.com/erkil1452/gaze360/ [accessed 2021-02-21]
Taylor R. Interpretation of the correlation coefficient: a basic review. J Diagn Med Sonogr 1990;6(1):35-39. [doi:
10.1177/875647939000600106]
Cavazos JG, Phillips PJ, Castillo CD, O'Toole AJ. Accuracy comparison across face recognition algorithms: where are we
on measuring race bias? IEEE Trans Biom Behav Identity Sci 2021;3(1):101-111 [FREE Full text] [doi:
10.1109/tbiom.2020.3027269] [Medline: 33585821]
Smith C, Galland BC, de Bruin WE, Taylor RW. Feasibility of automated cameras to measure screen use in adolescents.
Am J Prev Med 2019;57(3):417-424. [doi: 10.1016/j.amepre.2019.04.012] [Medline: 31377085]
Robinson JL, Winiewicz DD, Fuerch JH, Roemmich JN, Epstein LH. Relationship between parental estimate and an
objective measure of child television watching. Int J Behav Nutr Phys Act 2006;3:43. [doi: 10.1186/1479-5868-3-43]
[Medline: 17129381]
Mendoza JA, McLeod J, Chen TA, Nicklas TA, Baranowski T. Convergent validity of preschool children's television
viewing measures among low-income Latino families: a cross-sectional study. Child Obes 2013;9(1):29-34 [FREE Full
text] [doi: 10.1089/chi.2012.0116] [Medline: 23270534]
Kelly P, Marshall SJ, Badland H, Kerr J, Oliver M, Doherty AR, et al. An ethical framework for automated, wearable
cameras in health behavior research. Am J Prev Med 2013;44(3):314-319. [doi: 10.1016/j.amepre.2012.11.006] [Medline:
23415131]
Segura Anaya LH, Alsadoon A, Costadopoulos N, Prasad PW. Ethical implications of user perceptions of wearable devices.
Sci Eng Ethics 2018;24(1):1-28. [doi: 10.1007/s11948-017-9872-8] [Medline: 28155094]

Abbreviations
CNN: convolutional neural network
FLASH-TV: Family Level Assessment of Screen Use in the Home-Television
ICC: intraclass correlation coefficient
NPV: negative predictive value
PPV: positive predictive value

Edited by S Badawy; submitted 13.09.21; peer-reviewed by S Trost, AS Lu; comments to author 06.11.21; accepted 11.01.22; published
24.03.22
Please cite as:
Vadathya AK, Musaad S, Beltran A, Perez O, Meister L, Baranowski T, Hughes SO, Mendoza JA, Sabharwal A, Veeraraghavan A,
O'Connor T
An Objective System for Quantitative Assessment of Television Viewing Among Children (Family Level Assessment of Screen Use in
the Home-Television): System Development Study
JMIR Pediatr Parent 2022;5(1):e33569
URL: https://pediatrics.jmir.org/2022/1/e33569
doi: 10.2196/33569
PMID:

©Anil Kumar Vadathya, Salma Musaad, Alicia Beltran, Oriana Perez, Leo Meister, Tom Baranowski, Sheryl O Hughes, Jason
A Mendoza, Ashutosh Sabharwal, Ashok Veeraraghavan, Teresia O'Connor. Originally published in JMIR Pediatrics and Parenting
(https://pediatrics.jmir.org), 24.03.2022. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in JMIR Pediatrics and Parenting, is properly cited. The complete
bibliographic information, a link to the original publication on https://pediatrics.jmir.org, as well as this copyright and license
information must be included.

https://pediatrics.jmir.org/2022/1/e33569

XSL• FO
RenderX

JMIR Pediatr Parent 2022 | vol. 5 | iss. 1 | e33569 | p. 21
(page number not for citation purposes)

