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Otherwise promising, online biometric 
studies with crowdsourced participants 
can have vagaries that limit success. 

This paper shares researcher experience with 
biometric online data collection and a study 
that compared the dif-
ferences of online and 
lab-based eye tracking 
(ET) and facial expres-
sion (FE) data. 
Students and the pub-
lic were separated into 
two groups to place or-
ders from a well-known 
restaurant online menu 
application. Group 
1 accessed the menu 
web application rout-
ed through an online biometric data collection 
tool while Group 2 interacted with the menu 
web application through a desktop application 
that collected the biometric data. 

The study found little difference in the user 
experience metrics, the facial expression data, 
or the number of gaze points between the two 
data collection methods. Interestingly and con-
sistent with field experience, a significant dif-

ference in the ET data 
was observed. 
The vagaries of the field 
present significant haz-
ards for researchers and 
even more so if study 
participants are com-
pensated. Recommen-
dations for researchers 
to optimize research 
effort are provided re-
garding recruitment, 
participant compensa-

tion, analysis effort and expertise, maximizing 
the usable data, and employing eye tracking 
tools.

Crowdsourcing respondents for 
biometric online studies present 
opportunities to expand subject 

pools, reduce research costs, while 
simultaneously accelerating data 
collection and obtaining data in 

more ecologically similar  
environments.
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Our experience with biometric online data collec-
tion was born from necessity. We had just opened 
a new university human insights lab equipped with 
multiple biometric sensors and received external 
funding for a project, when a pandemic closed the 
campus. We were unable to extend the funding 
timeline and thus were faced with the choice of ei-
ther foregoing the research or finding a new path 
forward. We chose to move forward by collaborating 
with the lab’s technology partner (Pedersen, 2021) 
to develop the capability to collect facial expression 
and eye tracking data online. 
The data and studies suggest online biometric data 
collection is a valuable tool for connecting with 
uncommon population segments (Parvanta et al., 
2022) and can be used to collect data quickly. Our 
experience is also consistent with prior research de-
scribing challenges with crowdsourced populations. 
We have encountered significant loss of usable data 
with field online data collection (Hammond et al., 
2022; Parvanta et al., 2022). Moreover, eye tracking 
(ET) visualizations from online field data seem to be 
more diffused and to include more spurious focus 
points when compared to lab-based equipment. This 
finding is supported in a white paper published by 
the technology provider (iMotions Product Special-
ist Team, 2022). In contrast, and notwithstanding 
lower usable data yield, facial expression (FE) data 
collected online in the field appears to be like facial 
expression (FE) data collected in the lab. 
Our field online data collection experience prompt-
ed us to consider the following research question.
RQ1: What is the source of the difference between 
online and lab-based equipment studies for eye 
tracking and facial expression analysis. 
Expanding the research question, we proposed the 
following hypotheses for examination. 
H1: When environmental factors are controlled, 
participant usable data yield will be similar whether 
collected using lab-based or online equipment.
H2: Participant behavior will be unaffected whether 
the data is collected using online or lab-based equip-
ment.
H3: Eye tracking (ET) data collected with online 
customer premise equipment will be less accurate 
than lab-based equipment.
H4: Facial expression (FE) data will be similar when 
collected with lab-based or online equipment.
To evaluate the research question, we conducted an 
experiment that compared online and lab-based bio-
metric data acquisition systems while isolating the 
vagaries of the field environment. Online and lab-
based equipment were employed in a lab setting to 
collect ET and FE data while participants navigated 
a well-known national fast casual restaurant menu. 
Usable data yield was evaluated, and statistical anal-

ysis was performed on participant behaviors, sensor 
data, and collection metrics. 
Support was found for all four hypotheses. The fa-
cial expression metrics and participant experience 
metrics comparison analysis between the online and 
lab-based equipment were not noteworthy. Consis-
tent with our qualitative field observations, we found 
a statistically significant difference in the number of 
eye tracking fixations between the online and lab-
based equipment. In addition, we also experienced 
improved participant yield of usable data with both 
online and lab-based equipment in the study com-
pared to our field experience. 
The following sections of this paper describe the 
methodology, results of the lab study, discussion of 
the findings, and suggestions for researchers. 

Review of Research
As technology has evolved, access to biometric ex-
perimental data has increased. Research has expand-
ed from medical facilities with specialized tools and 
techniques like functional magnetic resonance im-
aging (fMRI) to multipurpose computers equipped 
with biometric sensors in dedicated laboratory fa-
cilities (Vujičić et al., 2021). Today, state-of-the-art 
biometric labs include diverse biometric sensors that 
enable data collection for eye tracking (ET), facial 
expression (FE), galvanic skin response (GSR), heart 
rate (ECG), and even electroencephalogram (EEG) 
(iMotions, 2022a). While these tool enhancements 
have provided researchers greater access, little has 
changed to improve study respondent access and the 
logistical burden of participant travel or transport. 
Historically, study participants must travel to dedi-
cated facilities to participate in biometric research. 
The requirement for study participant travel has the 
potential to skew results by sample bias or by cre-
ating a less ecologically familiar study environment 
(lab compared to field). Travel can also increase the 
cost of conducting research due to transportation 
assistance and elongated study times associated with 
managing logistics. 
Online research studies that leverage panels, groups, 
and the community are commonly called crowd-
sourced and have become a common tool for re-
searchers (Goodman & Paolacci, 2017). There has 
been significant research across academic disciplines 
(Ozcan et al., 2020) examining the use (Sheehan, 
2018), optimization (Robinson et al., 2019), options 
(Peer et al., 2017), and quality (Eyal et al., 2021). We 
ourselves also noted challenges with crowdsourcing 
in a publication that found significant disinterest and 
deceit among crowdsourced samples. The observed 
effect in our study was large enough to significantly 
skew the study results (Hammond et al., 2022).
Another area of innovation for researchers is the 
accessibility and usability of biometric sensors for 
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research. Early biometric research employed obser-
vation and manual coding with techniques like the 
Facial Action Coding System (FACS) (Zhao et al., 
2021) and mapping participant gaze points (Valta-
kari et al., 2021).  Clinical tools have also been em-
ployed to provide researchers with objective mea-
surements. These clinical tools are generally time 
or capital expensive, located in specialized facilities, 
and require specific skill sets for data analysis (Vu-
jičić et al., 2021).  Functional magnetic resonance 

Protocol
Study participants were assigned to one of two 
identical testing stations in the university biomet-
ric lab and instructed to place a restaurant order 
for themselves using a well-known fast casual 
restaurant online web menu application. Partici-
pants completed the entire order sequence except 
for entering a credit card and they did not receive 
the selected food. Respondents were a mix of stu-
dents from the university’s respondent pool and 
the public. The students from the study pool re-
ceived course extra credit for participating in the 
study. The public respondents received no com-
pensation. 
Group 1 accessed the menu web application 
through a web browser that routed the session 
through an online data collection platform (iMo-
tions, 2022b). Group 2 accessed the menu through 
a computer software application installed on a 
multi-purpose computer (iMotions, 2022a). The 
collected online data was then downloaded and 
analyzed with the same tools and processes used 
to analyze the lab-based collected data. Except 
for the introductory directions in the online ap-
plication informing participants how to position 
themselves for maximum data quality, the partici-
pant experience was the same for each group.
In both the online and lab-based equipment con-
figurations, the facial expression data was collect-
ed by recording the web camera and then post 
processing the data. The post processing process 
for the FE data employed an integrated third-par-
ty platform for facial expression analysis (Affec-
tiva, 2017). The ET data collection process was 
different for study participant Group 1 and Group 
2. The online configuration (Group 1) utilized a 
vendor integrated algorithm to calculate gaze 
points from the web camera recording while the 
lab-based configuration employed an external 
Tobii X2 30Hz Eye Tracker peripheral. By using a 
30 Hz eye tracker, the sample rate was similar for 
Group 1 and Group 2. 
The Group 1 online eye tracking algorithm em-
ployed duration dispersion to determine if a gaze 
point was a fixation or saccade. The online algo-

rithm assigned a gaze point as being a fixation 
if the gaze point fell within 100ms of time and 
0.1 degrees of space. All other gaze points in the 
Group 1 online algorithm were determined to be 
saccades. In contrast, the Group 2 lab algorithm 
determined fixations based on a velocity-based 
filter. In the lab configuration, gaze points with 
over 30 degrees / second in velocity were deter-
mined to be saccades. Gaze points with velocities 
below the 30 degrees / second velocity threshold 
were determined to be fixations in the Group 2 
lab configuration. (Holmqvist & Andersson, 
2017, Salvucci & Goldberg, 2000). 
To compare the participant user experience navi-
gating the menu, we calculated T-tests to compare 
checkout time and the length time each partici-
pant used to place the first item in the shopping 
cart. Next, we calculated T-tests to compare the 
number of ET gaze points and ET fixations be-
tween the groups. The eye tracking data was com-
pared by identifying areas of interest (AOIs) for 
each of the menu items then rank ordering the 
AOIs based on dwell time (DT) and on time to 
first fixation (TTFF). We then compared the 
number of AOIs that appeared in same quartiles 
between Group 1 and Group 2. DT and TTFF 
variables were selected to compare the ET data 
due to the variables reporting unique values that 
would enable rank ordering within the groups. In 
a similar method two variables were selected to 
compare the FE data. 
The data collection software generated multiple 
FE variables. The base unit of data was Facial Ac-
tion Units that could be evaluated separately or 
combined into various composite measures in-
cluding core emotions, and valance. Each of the 
variables was reported as a value between 0 and 
100. We chose the Attention and Engagement 
variables due to the generality of engagement and 
the difference measure provided in attention. The 
Engagement metric is the aggregation of several 
Facial Action Units that include Inner Brow Raise, 
Outer Brow Raise, Brow Furrow, Cheek Raise, 
Nose Wrinkle, Lip Corner Depressor, Chin Raise, 
Lip Press, Mouth Open, Lip Suck, and Smile and 
the Attention variable is derived by head position 
(Affectiva, 2017). Given that the amount of time 
allotted to interact with the menu application was 
not controlled the data was normalized by using 
the provided time percent metrics. The default 
threshold value of 50 was used in the post pro-
cessing of the FE data. 
The study data was analyzed using a combination 
of the statistics package JASP and Excel. Usable 
data was assessed by reviewing the video record-
ings and data visualizations available in the anal-
ysis software (iMotions, 2022a).
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imaging (fMRI), encephalogram (EEG), electrocar-
diogram (ECG) are exemplars. More recently tech-
nology has evolved to enable biometric research on 
general purpose PCs in offices and computer labs. 
The computers run standard operating system soft-
ware with software applications designed to operate 
with diverse sensors and connect the sensors to the 
computing platforms using standard computing pe-
ripheral standards like USB and Bluetooth (iMotions 
2022a). Elements of clinical assets like EEG and ECG 
are incorporated in the tools along with mechanized 
data collection and analysis of FE, ET, and galvanic 
skin response (GSR) data. The new tools have de-
mocratized access to biometric research by lowering 
the price of acquisition and skill needed to generate 
meaningful output.  

Findings
In total 15 individuals participated in the study. Us-
able eye tracking (ET) data was collected from all 15 
participants and usable facial expression (FE) data 
was collected from 11. FE data from one of the lab-
based sessions was removed due to a recording is-
sue. Two additional participants from the lab-based 
equipment and one from the online group were re-
moved based on low attention scores (3.41, 47.75, 
0.01). 

Eye Tracking and User Experience
On average, the lab-based equipment respondents 
spent 188 seconds (2min and 28s) from the start of 
the navigation to checkout, while the online equip-
ment respondents spent an average of 203 seconds 
(3min and 23s). T-test results show no statistically 
significant difference between the two groups for ei-
ther checkout time (p = 0.714 > 0.05) or the time to 
put the first item into the checkout cart (p = 0.993 > 
0.05) suggesting the user behavior was similar in the 
two groups. Figures 1 and 2 provide details on the 
group user experience with the menu. 
Figure 3 and Figure 4 summarize the group statis-
tics and T-test results of the eye tracking (ET) gaze 
point and fixation metrics. On average, the lab-
based configuration respondents recorded 1421 gaze 
points and online data collection group participants 
recorded 1384 gaze points. The difference in gaze 
points was not statistically significant. Interestingly, 
there was a statistically significant 48% difference in 
the number of fixations recorded between the lab-
based and online configurations (p = 0.032). On av-
erage 230 fixations were recorded for the lab-based 
equipment and 119 for the online configuration. 
Next, we examined the eye tracking data. To com-
pare the online and lab-based configurations we gen-

Figure 1: Group statistics of time metrics 

Figure 2: T-test results of time metrics

Figure 3: Group statistics of ET metrics
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erated Areas of Interest (AOIs) for each of the menu 
items and rank ordered the AOIs based on dwell 
time (DT) and on time to first fixation (TTFF). We 
then compared the number of AOIs that appeared 
in same quartiles from the two configurations. As 
reported in Figure 5, the maximum number of re-
peated AOIs in a quartile was 14 in the first quartile 
of TTFF and the least was in the third quartile of DT. 

Facial Expression
Three (3) of the lab-based equipment group FE data 
were removed from the analysis. One participant 
encountered a web camera recording problem and 
two other lab-based equipment participants had low 
attention values. In addition, one participant from 
the online equipment group’s data was removed due 
to low attention. There was significant variation in 
the remaining lab-based participant’s Engagement. 
Participant Engagement in the lab-based equipment 
group ranged from 1.35 to 91.35. Variation in En-

gagement was less in the six (6) participants from the 
online group, ranging from 0.12 to 15.73. Attention 
was considerably more consistent in the two groups 
and between the groups with values ranging from 
96.27 to 100 in the lab-based group and between 
96.07 and 99.36 in the online group. In recognition 
of the small sample size, observed significant varia-
tion in engagement data, uniformity in the attention 
variables, and common method for FE data, we for-
went T-tests and instead report descriptive statistics 
for the group FE variables in Figure 6. 

Discussion
As hypothesized, there was little difference in the 
user experience metrics (time to first item in cart or 
shopping time), the facial expression (FE) Attention, 
the number of eye tracking (ET) gaze points, or the 
yield of usable data between the lab-based and on-
line configurations for data collection. In contrast, 
we found significant variation in the respondent 

Figure 4: T-test results of ET metrics

Figure 5: Comparison of Time-To-First-Fixation (TTFF) and Dwell Time (DT) Ar-
eas of Interest (AOI) 

Figure 6: FE data comparison
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group’s FE Engagement variable and ET AOIs dupli-
cated by quartile. Consistent with our field experi-
ences we also observed a significant difference (48%) 
in the number of eye tracking fixations recorded in 
the two configurations. 
Review of the individual navigation paths of the par-
ticipants revealed no common ET path within the 
groups. Consistent with this observation, the differ-
ences in facial expression (FE) variable Engagement 
and the eye tracking (ET) area of interest (AOI) vari-
ables Dwell Time (DT) and Time-To-First-Fixation 
(TTFF) are likely explained by individual variations 
or perhaps the result of the relatively small sample 
size of the two groups. 
The differences in ET fixations are consistent with 
our field study experience. We believe the difference 
in ET fixations is the result of variation in the frame-
to-frame web camera recording calculated gaze 
points. This belief is supported by the technology 
provider and is potentially explained in the different 
methods employed by the eye tracking algorithms 
to determine fixations and saccades. The lab config-
uration eye tracking algorithm is based on velocity 
to determine saccades and the online configuration 
algorithm used duration dispersion to identify fix-
ations. The technology provider also shared online 
algorithm improvements were becoming available. 
While new online algorithm enhancements will like-
ly improve performance, it is reasonable to expect 
the active ET sensor will provide a more consistent 

reading of eye position and thus have the potential 
of providing more fixations. Moreover, the gap in 
fixations (accuracy) between the two groups (online 
and lab-based) may also expand over time as we em-
ployed a modest 30Hz eye tracking sensor in our lab 
configuration. Much higher rate active trackers are 
now common which would produce even more data 
samples and thus potentially exacerbate the fixation 
count gap between web camera recording (online) 
and active sensor (lab-based). 
It is also clear from the study that the vagaries of the 
field environment have a significant impact on us-
able data yield. In our lab study, the lab-based and 
online configurations delivered almost uniform-
ly usable data for ET. This is substantially different 
from our field experience. In a field study very simi-
lar to the study described here, we collected ET data 
for participants navigating an earlier version of the 
same menu. In that field study, we received 56% us-
able data from the participants that completed the 
study. Moreover, 64% of the participants that initiat-
ed the field study abandoned the study before com-
pleting (Hammond et al., 2023). 
FE data presents a two-sided story. On one side, the 
attention metric provides added information to as-
sess participant performance while at the same time 
eliminating the respondent reduces yield. In this 
small study and despite controlling the environ-
ment, 37.5% of the lab-based group participant’s FE 
data were removed and 14% of the online group. 

Figure 7: Researcher considerations for field biometric online data collection
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Conclusions, Limitations, and 
Future Study

This research suggests online-based and lab-based 
biometric studies are both viable and valuable but 
are also different tools with different benefits and 
challenges. The flexibility and reach afforded online 
by leveraging a web camera for data collection is off-
set by reduced eye tracking accuracy and usable data 
yield reduction. Further, bad actors, vagaries of the 
field environment, dynamic and diverse consumer 
IT equipment and networks, along with advances in 
sensors ensures the gap between lab and field data 
collection will likely remain. That said, online tools 
provide researchers with a viable option to collect 
biometric data in a more “ecologically valid” loca-
tion and when it is logistically or cost prohibitive to 
source a sample or operate a lab environment.
The vagaries of the field present significant hazards 
for researchers and may be more pronounced if par-
ticipants are compensated (Hammond et al., 2022). 
Figure 7 notes suggestions based on this study and 
our experience with field online data collection to 
optimize field biometric online data collection. 
While this research produced insights that assist re-
searchers, the study focused on one vendor’s tech-
nology and commercially available tools. Given the 
rapid change in computing it is certain technology 
will continue to evolve both in evaluating online data 
and in lab equipment. Additional research compar-
ing these evolving approaches will assist researchers 
in selecting the best tool for their research. 
Another area of limitation in this study was the 
small sample size and sample of convenience. Al-
though unlikely, based on the observed statistics, it 
is possible a larger or different sample could produce 
different results.  
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