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Abstract. This work explores the application of an automated facial recognition
software “FaceReader” [1] to videos of fathers (n = 36), taken using headcams
worn by their infants during interactions in the home. We evaluate the use of
FaceReader as an alternative method to manual coding — which is both time and
labour intensive — and advance understanding of the usability of this software
in naturalistic interactions. Using video data taken from the Avon Longitudinal
Study of Parents and Children (ALSPAC), we first manually coded fathers’ facial
expressions according to an existing coding scheme, and then processed the videos
using FaceReader. We used contingency tables and multivariate logistic regression
models to compare the manual and automated outputs. Our results indicated low
levels of facial recognition by FaceReader in naturalistic interactions (approx-
imately 25.17% compared to manual coding), and we discuss potential causes
for this (e.g., problems with lighting, the headcams themselves, and speed of
infant movement). However, our logistic regression models showed that when the
face was found, FaceReader predicted manually coded expressions with a mean
accuracy of M = 0.84 (range = 0.67-0.94), sensitivity of M = 0.64 (range =
0.27-0.97), and specificity of M = 0.81 (range = 0.51-0.97).
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1 Introduction

Manual coding is a comprehensive method for capturing facial expressions from obser-
vational data, and is easily adaptable to a range of contexts and scenarios. However,
manual coding is both time and labour intensive, and can be biased by the experiences
of the human coder (for example, the amount of time spent coding, or the previous
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expression coded). These disadvantages may be addressed by automated facial coding,
which offers rapid and detailed decomposition of facial expressions. Automated facial
coding could potentially cut down on time spent manually coding, and also reduce any
biases. This would allow for more data to be processed, potentially more accurately.

One such automated facial coding software is the Noldus FaceReader [1] which was
first proposed by Den Uyl & Van Kuilenburg [2], who described the process involved in
finding, modelling, and classifying a face. The software uses deep learning and neural
networks to classify faces into one of eight facial expressions: Happy, Sad, Angry, Scared,
Surprised, Disgusted, Neutral and Contempt.

A validation study was performed on the software [3], comparing human and Fac-
eReader facial classification for two publicly available, objective datasets of human
expressions. On average, FaceReader correctly identified 89% of expressions, whereas
human coders correctly identified 85%. This work also identified variation in accuracy
across different expressions, e.g., FaceReader classified Happy with 96% accuracy, but
classified Angry with 76% accuracy. Another validation was performed on a later version
of the software [4], finding that - on average across all expressions - 80% of expressions
were correctly classified. Other reported rates of performance for the software are 89%
[2] and 87% [5]. One study observed gender-based differences [6], noting that Fac-
eReader better identified Surprised and Scared emotions in males, and better identified
Disgusted and Sad emotions in females.

Previous works have compared the performance of FaceReader to human coding.
For example, one study investigated the expressions of students taking a test, measuring
the agreement between two human coders and FaceReader [6]. This work found that
the humans and the software agreed strongly for Neutral and Happy expressions, agreed
often for Sad, Scared, and Surprised, and did not agree often for Disgust and Angry.
A similar finding was reflected in [5], who found that agreement was highest between
FaceReader and manual coders for Neutral and Happy, and lowest for Angry and Disgust.
There have been many similar applications of the FaceReader software across different
domains, including: evaluating human reactions to complex web-based tasks [7, 8],
measuring implicit and explicit expressions during orange juice tasting sessions [9], and
evaluating spontaneous expressions vs. posed expressions [10].

However, previous applications of FaceReader have commonly used videos filmed
in controlled environments with good lighting, and a homogenous background with
no people or objects [9-11]. To be useful for many real-life applications, it is vital
that expression recognition is effective for naturalistic, uncontrolled environments, such
as within the home. While some have implemented other methods to recognise faces
for “in-the-wild” videos [12], we have found very few studies where FaceReader has
been applied to these kind of observations. We identified one example [13] which used
FaceReader to analyse a dataset containing movie clips of actors, and found that the
software could not accurately classify any expression.

Many studies have also used videos that were recorded using built-in laptop web-
cams, providing a direct view of the participant’s face. Naturalistic interactions — for
example involving multiple people or different body positions — may not be well cap-
tured by a webcam, or any kind of stationary camera. Wearable headcams provide an
ideal solution for capturing facial expressions in a naturalistic setting, and may enable
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more ecologically valid interactions, e.g., by containing less socially desirable facial
expressions than in a controlled observation [14]. We have not identified any studies
applying FaceReader analysis, or any other automated facial coding, to videos taken
using wearable headcams during natural interactions.

FaceReader has rarely been explored in a parent-infant context. One study used the
software to analyse the intensity of mothers’ Happy expressions during exposure to
images of infants [15], and another carried out five separate tests using FaceReader in a
parent-infant context [16]. These tests analysed facial expressions across different sce-
narios, including mother-infant interactions, infant-infant interactions, and interactions
in infants with developmental disorders. All except one test used observations carried out
in naturalistic settings with uncontrolled lighting and a handheld video camera (one test
used a laboratory setting with controlled lighting). Videos were excluded from analysis if
the participants head rotation was greater than 45 degrees from the camera. The authors
highlighted that assessing facial expressions in infant interactions is vital to understand
the “emotional sphere” of the child, with the goal of identifying and addressing less
optimal emotional responses (e.g., smiling at an infant cry) [16]. While these studies
both contributed to understanding maternal expressions, we did not find any FaceReader
literature specifically studying fathers’ facial expressions.

Father-infant interactions have been studied much less than those between mothers
and infants. This may be in part because fathers have traditionally been less involved in
childcare, although modern fatherhood roles are evolving to include more social, emo-
tional, and physical childcare than ever before [17]. Yet, studies of fathers are valuable,
as father-infant interactions have been found to contribute to infant language and cogni-
tive development [18] and to be predictive of behavioural problems [19]. Infants begin
to develop emotional coordination — learning to discriminate and respond to emotional
expressions, vital for social function [20] — from as early as 4 months old [21]. Whilst
much is known about how emotional coordination occurs in mother-infant interactions,
less is understood about fathers [22]. There are likely to be differences in the commu-
nicative mechanisms, and by observing, quantifying, and analysing father and infant
facial expressions during an interaction, we can begin to understand these differences.

The aims of our work were: (1) to evaluate the performance of FaceReader on
videos of naturalistic father-infant interactions captured using a wearable headcam, and
(2) to evaluate the relationship between the automated and human coding of facial
expressions. To address these aims, we coded 36 videos of fathers engaging in free play
or feeding interactions with infants, both manually and using FaceReader. We then used
contingency analysis and logistic regression classification models to compare the two
relative outputs. Through this work, we provide new information regarding the use of
FaceReader to process paternal facial expressions in a naturalistic setting.

2 Methodology

2.1 Data

We used data taken from the Avon Longitudinal Study of Parents and Children
(ALSPAC). The study website (http://www.bristol.ac.uk/alspac/researchers/our-data/)
contains details of all ALSPAC data that are available through a fully searchable data
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dictionary and variable search tool. ALSPAC data are collected and managed using
Research Electronic Data Capture (REDCap) electronic data capture tools hosted at the
University of Bristol [23]; REDCap is a secure web-based platform designed to support
data capture for research studies.

Full ALSPAC cohort demographics and recruitment details have been provided previ-
ously elsewhere [24-27]. In brief, ALSPAC is an ongoing longitudinal, population-based
study based in Bristol, UK. The original cohort was recruited via 14 541 pregnancies
with expected delivery dates between 1 April 1991 and 31 December 1992; this original
cohort is referred to as generation 0, or ALSPAC-GO. The children born in 1992 to the
ALSPAC-GO cohort are referred to as generation 1, or ALSPAC-G1. And finally, the
children born to the ALSPAC-G1 cohort in recent years are referred to as generation
2, or ALSPAC-G2. Our work comprises videos of fathers from ALSPAC-G1 (whose
infants are in ALSPAC-G2). The fathers in this work had a mean age of 31.31 years (SD
= 5.45), and their infants had a mean age of 32.62 weeks (SD = 5.85). Eight infants
were male, and five infants were female.

Ethical approval for the study was obtained from the ALSPAC Ethics and Law
Committee and the Local Research Ethics Committees. Informed consent for the use of
data collected via questionnaires and clinics was obtained from participants following
the recommendations of the ALSPAC Ethics and Law Committee at the time.

The videos were taken using headcams worn by infants during father-infant inter-
actions within the home. Previous work has found first-person headcams to be reliable
for capturing behaviours during parent-infant interactions [14]. Fathers were recruited
through a father-specific research clinic, inviting dads to take part in several assessments
when their child turned six months old. One of these assessments was the headcam
study, for which there were no specific selection criteria. Table 1 outlines the video
contributions from each father included in our work.

Table 1. Detail about the videos provided by each father within the dataset.

ID # Videos Total length (sec) Interaction types (# of videos)

F1 1 789 Feeding (1)

F2 2 736 Feeding (1), Free play (1)

F3 2 1141 Feeding (1), Free play (1)

F4 6 2776 Feeding (4), Free play (2)

F5 3 1656 Feeding (3)

F6 1 430 Free play (1)

F7 6 2325 Feeding (3), Free play (2), Combination (1)
F8 4 1396 Feeding (2), Free play (1), Combination (1)
F9 2 782 Feeding (1), Free play (1)

F10 1 916 Feeding (1)

(continued)
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Table 1. (continued)

1D # Videos Total length (sec) Interaction types (# of videos)

F11 3 2136 Feeding (2), Free play (1)

F12 2 1263 Feeding (2)

F13 3 1022 Feeding (1), Free play (1)

Total |36 17 368 Feeding (24), Free play (10), Combination (2)

We used 36 videos in total, collected between 2019-2020, including: 24 feeding
interactions, 10 free play interactions, and 2 videos which were a combination of both
feeding and free play. These videos come from 13 individual fathers, as many provided
multiple separate videos (see Table 1).

As this work is not about individual differences in expressions, but rather the efficacy
and accuracy of the software at capturing expressions, we found no reason to exclude
second or third videos from a single participant. Also, as all videos were varied in length,
it was possible that one father may include multiple videos roughly equating to the length
of a single video from another father (e.g., F1 and F2).

2.2 Manual Coding

All videos were manually coded using Noldus Observer 15 software [28], at a temporal
resolution of 1/5 s. The facial expressions were coded according to the MHINT coding
scheme [29], which is freely available to access online. Specifically, this includes the fol-
lowing expressions: Smile, Positive, Neutral/Alert, Negative, Surprise, Mock Surprise,
Woe Face, Disgust, None of the Above and Face not Visible. These expressions are
exhaustive and mutually exclusive, meaning that every timestamp is allocated a unique,
single expression.

Initial coding was performed by one researcher, and two additional researchers were
recruited for double coding. Seven randomly selected videos were selected for double
coding, with one researcher coding four videos, and one researcher coding three. This
equated to 3906 s of double-coded data, or 22.38% of the total video data. All reliability
analyses were conducted using the Observer XT 15.0 [28].

To measure inter-coder agreement, we used the index of concordance. This is calcu-
lated by the total agreement for a behaviour (i.e., the duration that an expression is coded
as present/not present by both coders) divided by the total duration of the interaction.
The index of concordance is expressed as a value between 0 (no agreement) and 1 (total
agreement). Across all expressions, an index of concordance of 0.93 (SD = 0.07) was
achieved with the first double coder, and 0.91 (SD = 0.07) was achieved with the second
coder. Inter-coder results by facial expression are shown in Table 2. In these analyses,
we excluded expressions that occurred for less than 1% of the total interaction duration
(i.e., Woe face, Disgust, Surprise).
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Table 2. Mean inter-coder reliability by facial expression (SD).

Neutral Positive Smile Negative Mock None of the | Face not
Surprise | above visible

0.89 (0.09) |0.89(0.09) |0.96 (0.03) |0.98 (0.00) |0.98 0.94 (0.05) |0.89
(0.02) (0.08)

2.3 Automated Facial Coding Using FaceReader

All videos were also processed using Noldus FaceReader [1], a facial recognition soft-
ware trained to classify eight facial expressions in adult humans: Happy, Sad, Neutral,
Angry, Scared, Surprised, Disgusted, Contempt. To make this classification, deep learn-
ing algorithms are first used to find a face within an image, while varying for facial
position and size. Eye tracking is also used to help identify the rotation of the face.
Based on deep neural networks, an artificial face is then synthesised using around 500
key points on the face; these describe the position of features and muscles, as well as
different textures (e.g., eyebrow presence).

Expression classification takes place using a neural network, trained to recognise
facial expressions using over 20,000 manually annotated images of faces [30]. When
presented with a face, the software fits a “mesh” over the face and its key points, then
calculates the deviation of these points from their position relative to a “mean” face,
in order to make a prediction of the expression. A more detailed explanation of the
FaceReader software can be found elsewhere [31].

Once a face has been detected, FaceReader provides multiple detailed outputs
describing the facial expression present within that frame. The software processes videos
frame-by-frame, which in our case resulted in an output being provided for every 0.033
s. In this work, we use the FaceReader output expression intensity: a single value within
the interval [0, 1] describing the strength of each of the eight expressions. An intensity
close to 0 indicates the expression is not present, and an intensity close to 1 indicates an
expression is very present. An intensity value is provided for each of the eight expres-
sions simultaneously, with each value independent of one another (i.e., the values do not
sum to one).

It should be noted that the FaceReader expressions do not directly match those
within the manual coding scheme (e.g., “Mock Surprise” is a manual expression, but
not a FaceReader one), however, this was not problematic for the purposes of our work.
Table 3 shows an approximate mapping between the manual and FaceReader expressions.
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Table 3. Approximate mapping between manual and FaceReader expressions.

Manual Expression(s) FaceReader Expression(s)
Neutral/Alert — Neutral

Smile + Positive - Happy

Negative — Sad + Angry + Scared 4+ Contempt
Surprise + Mock surprise — Surprised

Disgust — Disgusted

None of the Above + Woe face — n/a

Face not visible — Face not found

2.4 Data Analysis

Data Pre-processing. Before we started the data analysis, we first carried out some
pre-processing. A flow diagram showing all pre-processing stages is provided in the
Appendix. We started by removing all data where a second caregiver was present during
the interaction. This typically happened when the mother came to bring food, to admire
the headcam on the infant, or to walk past in the background. These data were removed
because FaceReader would often mistakenly classify the facial expression of the second
caregiver during these periods, rather than that of the father. This meant that amount of
viable coded data reduced from 17,368 s to 15,420 s.

The expression intensities were also normalised during pre-processing. This was
necessary because the manual coder can only choose one dominant facial expression
at a time, so for consistency, we must assume that we cannot have multiple domi-
nant expressions. By normalising the intensities, this helps to highlight the dominant
expression within the FaceReader output.

Data Analysis Procedures. All analyses were carried out using Python 3.0 [32]. Our
aims were twofold: (1) to evaluate the performance of FaceReader on videos of natural-
istic father-infant interactions captured using a wearable headcam, and (2) to evaluate
the relationship between the automated and human coding of facial expressions.

To address aim (1), we calculated the amount of time that a face was detected and
classified by both the human coder and the FaceReader software. We also calculated the
amount of time that a face was not detected by both the human and the software. These
values are displayed in a contingency table (Table 4) in Sect. 3.1.

To address aim (2), we used multivariate binary logistic regression; a choice made due
to the simplicity of the model and the ease of parameter interpretation. Logistic regression
measures the probability of a data entry being classified as one of two mutually exclusive,
exhaustive states (which we assign as either a 0 or a 1). In our work, this translates to
the eight simultaneous, FaceReader expression intensities being classified as one of the
manually coded facial expressions (classified as a 1) or not (classified as a 0). Employing
multivariate binary logistic regression meant that a separate logistic regression model
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was implemented for each of the manually coded facial expressions. The process for
fitting a single model is outlined below:

1.

Split the dataset into a train and test set. Here, all data for a single person must be
contained in either the train or the test set (a father cannot be within both). This
helps to avoid inflated prediction measures of generalization performance. We used
13 fathers in total: 10 of these comprised the training set (n = 44,352 frames), and 3
fathers comprised the test set (n = 5,180 frames).

. Define our features X (the normalised FaceReader expression intensities) and our

target variable Y (the manually coded facial expression). X is an 8 x n matrix, where 8
is the number of FaceReader expressions, and » is the number of entries in the training
dataset. Y is a binary array (1 indicates the manual facial expression of interest, O
indicates any other expression) of length n, where n is the number of entries in the
training dataset.

. Using the Python package sk-learn, fit the logistic regression model on the train-

ing data. We used the LBFGS solver (an optimisation algorithm approximating
the Broyden-Fletcher-Goldfarb-Shanno algorithm, see [33]), and we weighted the
classes based on their frequencies in the training data, adjusting for the imbalance of
behaviours per class (see Fig. 1).

. Test the fitted model using the test set.

The fathers in the test and train datasets were selected through a trial-and-error

process, with the aim of retaining a similar percentage of data per expression in each
dataset, subject to the requirement of having all data from a single participant in only
one dataset. The resulting representation of each manually coded expression in the full
dataset, the training set, and the testing set is shown in Fig. 1 below.

We produced similar representation across almost all retained expressions (except

for Mock Surprise, which was more heavily weighted in the test set). Following this
evaluation, we excluded prediction models for Disgust, Surprise and Woe face, as these
expressions each accounted for < 1% of the data.

Mock surprise . Testing set (n = 3)

Negative i Training set (n = 10)
None of the above w Full dataset (n = 13)
Smile | .
Positive
Neutral/Alert
0 10 20 30 40 50 60

Fig. 1. Percentage of class occurrence in each dataset (%). Surprise, Woe face and Disgust were
removed due to low prevalence (< 1%).
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3 Results

3.1 Quantifying FaceReader Performance Compared to Manual Coding

To address aim (1), we calculated how frequently the FaceReader software found the
participant’s face compared to the human coder. Our findings are provided in the contin-
gency table below. Throughout our discussion, we assume the manually coded expres-
sions to be correct, such that the manual expression is used as a benchmark with which
the FaceReader output is compared.

Table 4. Face found vs. not found by the FaceReader software and the manual coder (%).

Manual FaceReader (%)

Face Found Face not found
Face found 10.71 31.84
Face not found 0.47 57.00

We found that throughout the 15,420 s of data, the manual coder identified a facial
expression 42.55% of the time (from the table, manual face found = 10.71 + 31.84),
while FaceReader only identified a facial expression 11.18% of the time (from the table,
FaceReader face found = 10.71 + 0.47). Additionally, when a face was actually present
(and was therefore coded by the human), FaceReader found the face 25.17% of the time
(calculated by face found by both / total manual face found = 10.71 / (10.71 + 31.84)
= 10.71 / 42.55). Table 4 also shows that percentage of time where FaceReader found
a face but the Manual coder did not is very low (0.47%).

The observations where both FaceReader and the human coder classified a facial
expression comprise the datasets used for the logistic regression analyses, i.e., we did
not include data where the face was not found by either FaceReader or the human coder.
The observations coded by both the human and the software comprise 1651 s of data, or
49,532 frames approximately.

3.2 The Relationship Between the Automated and Human Coding of Facial
Expressions

To address aim (2), we looked to understand how accurately FaceReader facial expression
intensities predicted manually coded facial expressions. The methodology for these
analyses has been outlined in Sect. 2.4.

We fit six binary logistic regression models (one for each expression) to the training
set, before testing the models on the test set. The resulting accuracy, sensitivity and
specificity measures are provided in Table 5.

Accuracy represents the proportion of correct predictions for both classes; high
accuracy means that the number of correct predictions (of either a 1 — the expression is
present—or a0 —the expression is not present) is high. Our six models all showed accuracy
greater than 0.67, with most being greater than 0.80. The most accurate models were
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Table 5. Accuracy, Sensitivity and Specificity for the logistic regression models.

Class Predictive Performance Measure
Accuracy Sensitivity Specificity

Neutral (n = 25,713) 0.78 0.97 0.51
Positive (n = 9172) 0.67 0.48 0.72
Negative (n = 2099) 0.82 0.83 0.82
Smile (n = 4437) 0.94 0.84 0.94
None of the above (n = 2021) 0.88 0.27 0.91
Mock surprise (n = 606) 0.94 0.47 0.97

Mock Surprise and Smile (0.94), followed by None of the Above (0.88) and Negative
(0.82). The prediction model for Positive (0.67) was the least accurate, followed by
Neutral/Alert (0.78).

Sensitivity represents the model’s ability to predict a true positive (i.e., correctly
classifies a facial expression as present); high sensitivity means that the model rarely
incorrectly classifies an expression as not present, and performs well at correctly clas-
sifying a facial expression as present). The sensitivity for some models were very high,
including for Neutral (0.97), Smile (0.84) and Negative (0.83). However, the other mod-
els performed poorly: sensitivity for None of the Above was very low (0.27), with Mock
Surprise (0.47) and Positive (0.48) only performing slightly higher.

Specificity represents the model’s ability to predict a true negative (i.e., correctly
class a facial expression as not present); high specificity means that the model rarely
incorrectly classifies an expression as present), and performs well at correctly classifying
facial expressions as not present). Our specificities were nearly all greater than 0.80.
The highest specificity was for Mock Surprise (0.97), followed by Smile (0.94), None
of the Above (0.91), Positive (0.82) and Negative (0.82). The lowest specificity was for
Neutral/Alert (0.51).

4 Discussion

4.1 Summary of Results

Our work used 36 videos of fathers taken using headcams worn by infants during parent-
infant interactions, totaling 15,420 s of data (after pre-processing). We manually coded
the videos according to an established facial expression coding scheme [29], and also
using an automated facial coding software. We applied contingency analysis to calculate
how frequently FaceReader detected a face at the same time the human coder did,
and used multivariate logistic regression models to evaluate the relationship between
automated facial classification and manual coding.

Our results showed that FaceReader only found a facial expression around a quarter
of the time that a human coder did (25.17%). This is not surprising, as it has been
established that automated facial recognition is disadvantaged in real-world conditions
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[13]. As such, we regard this low FaceReader performance as indicative of the high
ecological validity of the interactions. Whilst previous studies have excluded data that
FaceReader had failed to analyse, for reasons of signal loss during facial recognition
[34], it was important that we retained these data in order to validate the software for
naturalistic observations.

Our logistic regression models found that FaceReader predicted the manually coded
expressions with generally good accuracy (mean = 0.84, range = 0.67-0.94), sensitivity
(mean = 0.64, range = 0.27-0.97), and specificity (mean = 0.81, range = 0.51-0.97).
The high accuracies across the six models suggest that our models were good at predict-
ing when expressions were present. FaceReader was most accurate for Mock Surprise
(0.94) and Smile (0.94). This is similar to [11], who found that FaceReader most accu-
rately detected Surprise compared to other expressions. We found that FaceReader was
least accurate for Positive (0.67) and Neutral/Alert (0.78), a finding inconsistent with
other studies [5, 11, 13]. This is particularly interesting in the case of [13], who trialed
FaceReader for in-the-wild facial detection, similarly to us.

We found high sensitivities for the Neutral/Alert, Smile and Negative models, mean-
ing that FaceReader was able to positively identify the presence of these expressions.
Conversely, FaceReader was less accurate in identifying None of the Above or Positive.
This could be caused by a high number of false negative predictions, i.e., failing to
predict an expression that was in fact present. This makes sense in the case of None of
the Above, which serves to represent an “other” category, meaning that it encompassed
multiple different expressions. In our work, this was mostly fathers eating, sneezing,
yawning, or opening their mouths to mimic eating food, but could have included an even
wider range of expressions. As such, we would not expect sensitivity to be as high for
None of the Above as for the other expressions. For Mock Surprise and Positive, how-
ever, low sensitivity indicates that for some reason, our models often failed to correctly
identify these expressions.

We generally found very high specificities (all were greater than 0.80 except for
Neutral/Alert), meaning that FaceReader performed well at correctly identifying that
a particular expression was absent. The low specificity for Neutral/Alert (0.51) indi-
cates that the false positive rate was high — i.e., FaceReader incorrectly identified many
expressions as Neutral. This is similar to [35], who reported that their low accuracy for
Neutral (19%) was due to FaceReader over-detecting neutral expressions.

4.2 Failures in Face Detection

Previous work has highlighted the importance of creating more naturalistic settings for
FaceReader applications [36]. In practice, naturalistic settings are problematic for a suc-
cessful FaceReader analysis. In our work, the software struggled to detect a face across
many scenarios where the human coder had no trouble. We looked to our videos to
identify the reasons for this, and provide some examples here. Figure 2 shows some spe-
cific reasons that we believe FaceReader performance was low in our videos, including:
blurry images (a), bad lighting (b), the face being partially out of shot (c and h), head-
cams/toys/food blocking the face (d and f), the parent facing away from the camera (e),
or FaceReader misclassifying another object as a face (g). For confidentiality reasons,
we are not able to share images of the fathers used within this study. However, the images
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in Fig. 2 show a mother from a mother-specific, but otherwise identical, headcam study
(this mother consented to have her data shared).

FaceReader documentation [31] outlines that the software performs less well if: the
participantis wearing glasses, the lighting in the room is too dark, the participant is rotated
away from the camera, or something is partially blocking the face (e.g., thick facial hair,
hands, or a hat). Issues with glasses, bodily occlusions and artificial illumination have
also been reported by others [13, 37]. The videos in our work were collected for an
earlier study, so we were not able to advise that participants avoided wearing hats or
glasses, that they sat in a room with natural lighting, or that they restrained from blocking
their face with objects. It is therefore unsurprising that we observed a lot of these issues
in the videos. Of our 13 fathers, six had facial hair of varying thickness, and three
wore glasses. Additionally, many interactions also took place in front of a window, in
rooms that were artificially lit, or in dim early morning or evening light, which lead to
problems with lighting on fathers’ faces (see Fig. 2b). It is possible that these factors
lessened FaceReaders ability to analyse the faces in our videos.

While there are many reasons why FaceReader struggles to locate the face (Fig. 2),
we suggest that the types of interactions we studied may also have affected this. In
the free play interactions (n = 10), there were fast movements and variation between
different positions (e.g., sit, lie on front), which led to images being both sporadic and
blurry (see Fig. 2a). This also meant that the infant was not always at eye level with
the father, meaning that the top, bottom, or side of the face was often out of shot (see
Fig. 2¢). Further, even if the full face was in sight, sometimes toys used for play would
block the view of the face. While a human coder may be able to distinguish a facial
expression in spite of small obstructions, slightly blurry shots, and missing parts of the
face, FaceReader would not.

Similarly, the context of a Feeding interaction (n = 24) meant that cutlery, bowls,
or food were often raised in front of the infant’s face, partially or wholly blocking view
of the father (see Fig. 2d). Further, while feeding interactions generally involved fathers
sitting facing their infant in order to feed them, there were instances where the father
was also eating a meal. This led to sideways or otherwise indirect views of the father
(see Fig. 2e), if he was sitting next to the infant or somewhere around the table. While
a human coder may distinguish a facial expression from a sideways or angled view,
FaceReader is not able to do this beyond around a 40-degree tilt [31].

We also suggest that the use of the headcam led to areduced FaceReader performance.
For example, one problem we encountered was that the headcam was placed too high
on the infant’s head (i.e., pointing more upwards than forwards), so that only the top
of the father’s head was visible. Conversely, a headcam that was placed too low on the
father’s face meant that his eyebrows were covered, causing the face to be uncaptured
by FaceReader (see Fig. 2f). In both of these cases, the face was typically still visible
to the human coder. In a previous study investigating headcam use for capturing dyadic
interactions [38], the experimenters manually adjusted the subject headcams to ensure
that they were well fitted, and positioned to capture the most desirable perspective. In
our work, subjects put the headcams on themselves, which meant that there was more
likely to be placement issues.
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where.
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another person.) unclassified if the

parent is too far away.

Fig. 2. Examples of images where FaceReader does not find the face. Images are taken from an
infant headcam during mother-infant interactions in a near identical study.

Finally, FaceReader also provided outputs for some frames that the human coder did
not (0.47%). There are many reasons that this could happen, including where FaceReader
misclassifies: a different person’s face, an item of clothing or poster with a face on, or
some other background object (see Fig. 2g). Complex backgrounds have previously
been reported as problematic [13]. To account for this effect, we had already removed
data from our analyses that included another caregiver in the background of the video,
meaning that these misclassifications were likely to be caused by clothing or background
items.

4.3 Implications for Future Work

To our knowledge, no previous studies have used FaceReader to analyse headcam videos.
It would therefore be useful to further evaluate how headcams can be best used to optimise
the chances of a successful FaceReader analysis. This is particularly important as the
use of headcams allows for a more ecologically valid and natural observation [14]. We
therefore outline six recommendations for future work in this area, aiming to maintain
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the authenticity of a natural observation, while also optimising the logistical aspects of
the observation.

[1] Subjects should be instructed on how to properly put the headcams on both them-
selves and the infant (to avoid pointing up/down and missing the partners face).

[2] Subjects should be advised regarding optimal lighting conditions (i.e., natural light).
Where possible, observations should take place in an area of natural lighting,
preferably during the middle of the day where natural light is most prevalent.

[3] Subjects should be advised regarding glasses (not to wear them if possible), or other
facial occlusions. Whilst no hands in front of the face would be desirable, high-
lighting this could affect the authenticity of subject behaviours and movements, so
we would not recommend mentioning this to subjects.

[4] Depending on the interaction, researchers could advise subject posture (e.g., we
found that feeding interactions had successful analysis when subject was face to
face with infant). It would be beneficial to suggest interactions or observations that
naturally cause subjects to face the camera front-on.

[5] Subjects should not sit in view of photos or posters hung on walls, and should not
wear t-shirts or other clothing items with people shown on them.

[6] Researchers should support the development and usage of more powerful compact
cameras, to provide greater robustness against rapid head movements (as previ-ously
suggested by [9])

While these recommendations should aid in optimising FaceReader performance for
naturalistic interactions, the reality is that — for now — it may be necessary that manual
coding (or some other method) is used to supplement FaceReader coding. In our case, this
would account for roughly 25% of faces being automatically coded, and the remaining
having to be supplemented by a human coder (this is, if the end goal is 100% coding).
However, it may be that this is sufficient for drawing useful conclusions in many cases,
especially when using high quality, long extracts of video data. While this is not nearly
close to the goal of fully automated facial coding, 25% represents a starting benchmark
which future work can aim to improve upon.

Additionally, FaceReader provides much more detail than what is capable from a
human coder, i.e., expression intensity for eight concurrent expressions. This means
that even with a performance rate of 25%, we can potentially learn a lot more from the
FaceReader output that wouldn’t be possible from manual coding alone. In a clinical
scenario, therefore, where manual coding is impractical, it is easy to see the potential
utility of automated coding techniques, even at a 25% performance rate.

Future work could also identify whether the successful automated coding is biased
towards certain expressions (e.g., expressions may be more prevalent when FaceReader
is unsuccessful, such as when the second caregiver is present, or when the parent or
infant turns toward a distraction). Similarly, it would be beneficial to investigate how
FaceReader could work alongside complementary techniques (e.g., linear interpolation)
to identify “missing” facial expressions.
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4.4 Strengths and Limitations

A major strength of our research is the use of real-life observations, which meant that
fathers exhibited natural, unposed facial expressions. Without the presence of a third-
party researcher to record the interactions, it is likely that the recordings captured more
ecologically valid facial expressions [14]. Also, using headcams during a dyadic inter-
action allowed the camera to focus directly on fathers’ faces. This is an advantage over
third person cameras, which can miss out on capturing facial expressions [14].

For limitations, we acknowledge there was low prevalence of some facial expres-
sions, meaning that some had to be excluded from the logistic regression models (e.g.,
Woe face, Disgust). Additionally, some of the models possibly did not perform as well as
they might have with more data. The facial expressions are a direct reflection of fathers’
emotions while interaction with their children, however, so it is not surprising that we
did not encounter lots of Disgust, for example.

Further, there was not a one-to-one relationship between the facial expressions in
the manual coding scheme and those implemented by FaceReader. For example, the
manual coding scheme contained the expression Negative, while FaceReader contained
the separate negative expressions Sad, Scared, Angry and Contempt. If we had manually-
coded these negative expressions separately, it is possible that we may have been able
to implement better performing, distinct models for each expression. Having said that,
the prevalence of Negative was quite low (n = 2099) compared to other expressions
(e.g., Neutral/Alert, Smile), suggesting that there may not have been quite enough data
to have created three, high performing, separate models in this instance.

As previously acknowledged, the length of video material for each subject was not the
same (i.e., we had many more facial expressions for some fathers than others, especially
where some fathers provided multiple videos). It is possible that this led to biases in
how our models learned to predict certain facial expressions. However, we modulated
for this effect in our performance measures by including all data from a given subject in
either the training or the testing dataset.

There are some inherent biases present within the ALSPAC cohort, many of which
have been detailed previously [26]. One example is that the cohort is mostly of White-
European origin, reducing the generalisability of findings to the general population.
However, as our work does not aim to interpret specific facial expressions present in the
interactions, generalisability of findings is not as important here as for other studies.

Finally, we acknowledge that wearing headcams might have influenced the natural
facial expressions of our participants. Although, we believe that the effect of this was
mitigated (and countered) by the more ecologically valid expressions that we expected
to see from real life, at-home interactions.
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Appendix

Here we provide a flow diagram to demonstrate how we processed the data involved in
this study.

Train dataset
(n=1,478)
FR™ and
Manual find Logistic
face Regression
Normalised (n=1,651)
data with Contingenc
. CG2" absent anal\gsis ¥ Test dataset
Initial dataset _ ° (n=173)
(n=15,420) FR or
Manually af‘]‘f Manual find
coded. 1o face
(n=17,368) Normalised (n=13,769)
data with
CGQG2 present
(n=1,948)

Fig. 3. Flow diagram to demonstrate stages of data processing; n refers to the number of video
frames. “CG2 = Caregiver 2. “*FR = FaceReader.
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