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ABSTRACT

The prevalence of online reading platforms has surged along
with improvements to automatic speech recognition (ASR)
systems. These platforms facilitate personalized reading in-
struction, but like all learning systems, work best when stu-
dents find them engaging. The Educational Data Mining
(EDM) community has made great efforts to detect student
engagement, but these efforts have largely been confined to
school and lab environments without intentionally including
neurodiverse populations. In the present study, we evaluate
engagement levels in children with attention deficit hyperac-
tivity disorder (ADHD, n=>55), autism (n=38), both autism
and ADHD (n=38) and with no known clinical diagnoses
(n=22) as they interact with a digital literacy learning sys-
tem from their homes. Engagement was measured using par-
ent report, and acoustic features were extracted from audio
recordings of the students while they interacted with the
Amira literacy learning system. Our results indicate that
acoustic measures related to temporal features, pitch, and
vocal quality are related to engagement levels across all clin-
ical groups. We also identify key temporal features that vary
across different clinical groups. These findings demonstrate
the validity of using non-invasive acoustic features to mea-
sure engagement levels during reading comprehension tasks
at home. However, interaction effects also highlight the im-
portance of taking into account children’s clinical diagnosis
when measuring engagement.
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1. INTRODUCTION

Digital reading platforms have emerged as a promising way
to provide personalized literacy instruction to students, both
at home and at school. These platforms guide the stu-
dent through level-appropriate passages where they can read
text out loud, receive real-time interventions, and respond
to reading comprehension questions[69]. Compared to tra-
ditional instruction, Intelligent tutoring systems (ITSs) for
reading can even produce larger learning gains [65, 70], even
among students with learning differences that sometimes in-
terfere with reading comprehension, such as Autism Spec-
trum Disorder (ASD) [39]. However, meta-reviews of lit-
eracy applications have demonstrated that they are most
effective when (1) the systems are highly interactive and (2)
children use them with higher intensity (at least 75 minutes
per week) and duration (at least 3 months) [39, 69, 70]. This
leads to a direct need to understand how engaged students
are with a platform in order to provide effective instruction
and keep them coming back for regular sessions.

Reading engagement is often defined as the student’s ac-
tive involvement with reading [32], and it is sometimes dis-
tinguished from motivation by considering motivation as a
mindset that is necessary in order to deeply engage with
reading [2]. Although exact definitions of reading engage-
ment vary, it is often described as including cognitive, affec-
tive, and behavioral dimensions [41]. Reading engagement is
not only indicative of children’s enjoyment, but is also linked
to improved reading abilities and reading comprehension [6,
31, 41, 63].

Despite an abundance of research on engagement measures,
there is no standardized method for measuring student’s en-
gagement with online reading platforms. Some conversa-
tional agent based literacy tools operationalize verbal en-
gagement in terms of child response length [33] or seman-
tic features including topic relevance and intelligibility [68].
However, these measures are proxies for the actual construct,
which is likely to involve a range of cognitive, behavioral, and
affective experiences [26]. Moreover, they do not account for
key acoustic elements, including those that may be more in-
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dicative of a students’ affective experience with the reading
activity [44].

In this study, we explore the use of acoustic features to detect
reading engagement among neurodivergent students with
different clinical diagnoses, including Autism and Attention
Deficit Hyperactivity Disorder (ADHD). We examine the
use of acoustic features as they can be easily extracted by
voice-based reading software without the use of specialized
equipment that may be difficult to acquire for use in either
the home or classroom. We evaluate the interaction between
clinical diagnosis and engagement levels by analyzing acous-
tic features that indicate voice quality, speaking rates, and
prosody, and which have been associated with engagement
in prior research [34, 44].

To our knowledge, this is one of the first studies to focus
on understanding which acoustic features most effectively
model engagement during digital reading instruction, and
one of the first in the EDM community to consider how clin-
ical diagnoses might affect those modeling efforts. Our re-
sults indicate that temporal acoustic features are robust in-
dicators of engagement across groups in our study, but other
acoustic features (e.g., variation of voiced segment length)
are diagnosis-sensitive. With this work, we aim to contribute
to a better understanding of how engagement manifests dif-
ferently in diverse populations of learners while also putting
forward tools to help detect these differences, provide per-
sonalized support, and ultimately improve outcomes.

2. BACKGROUND AND RELATED WORK

Research on student engagement defines it across many di-
mensions, including behavioral, emotional, and cognitive do-
mains [26]. Real-time models of student engagement have
become a common way for researchers in the Educational
Data Mining community to study engagement at scale, in-

cluding both affective engagement and cognitive engagement.

Such models have been trained on a variety of label types,
including those produced from text-based video [76], video
data [10, 36], speech [71, 44] physiological signals includ-
ing skin conductance data [12, 77], posture data [56], and
self-report [74, 18]; and from classroom observations [5, 50].

Much of this work has focused on affective engagement [13],
although behavioral and cognitive engagement [30, 42] are
also modeled. Such models have been particularly impor-
tant for researchers studying affect dynamics [20, 51]. They
have also been useful for making short-term and long-term
predictions about student learning outcomes [27]. However,
given the rich history of definitions involved with studying
student engagement in the broader research community [26],
the EDM community continues to explore novel ways to cap-
ture this construct.

2.1 Detecting Reading Engagement in Learn-

ing Systems at Home
One particularly difficult challenge in this space is appropri-
ately creating high quality engagement labels for students
who use learning software at home. Many sensors used to
detect engagement can be highly invasive (e.g., video), while
others are difficult to use in the home environment (e.g., pos-
ture sensors). Meanwhile, interaction-based detectors [50]
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rely on classroom observation or self-report data to provide
the labels. Although these detectors can certainly be applied
to students in the home environment, it is difficult to verify
whether detectors trained on labels from a classroom envi-
ronment would generalize to students’ home environments.
Additionally, self-reports are susceptible to self-presentation
effects and to differences in students’ ability to gauge their
own level of participation [21, 28].

A few studies have sought to leverage measures that could
be more easily collected in a home environment. For ex-
ample, models based on student response times leverage
item response theory to distinguish between engaged and
disengaged students in online settings [7, 35]. These could
be used in home environments, even if they might need to
be renormed for different clinical populations. Another ap-
proach is to measure student talk time while engaging with
an online tutor[17]. Some existing reading software measures
verbal engagement based on the number of turns with a con-
versational agent or word counts [33]. Xu et al. [68] eval-
uated the nuances of children’s responses to comprehension
conversations asked by conversational agents versus humans
via five aspects of verbal engagement: lexical diversity, in-
telligibility, productivity, topic relevance, and accuracy [66,
64]. Similarly, Gorgun et al. leveraged linguistic features
in online discussion posts to estimate engagement based on
third-party manual coding [30]. Their scheme defined four
attributes of cognitive engagement: interactive, construc-
tive, active, and social.

In addition to semantic-based engagement features, some re-
searchers have explored the use of acoustic features in the
online setting. Litman et al. [44] evaluated prosodic cues of
disengagement and uncertainty while students engaged with
a physics tutor. Their research demonstrated that when stu-
dents are disengaged, they respond significantly more slowly
than engaged students. Disengaged students were also found
to have lower maximum and mean pitch values than their
engaged peers. Furthermore, disengaged students demon-
strated more steady pitch values as well as lower levels of
energy. Our study builds upon these findings, with the in-
tention of exploring whether they apply to non-neurotypical
learners.

2.2 Reading Engagement in Individuals with
ASD and ADHD

As our ability to detect engagement in online settings has
advanced, there have been increasing calls for better un-
derstanding for a more diverse range of learners [52], and
subsequent research has shown that additional demographic
information can improve models. For example, Karumbaiah
et al. [38], shows that some behavioral engagement mea-
sures (i.e., help-seeking) are better understood when school-
level demographics are taken into account. Likewise, other
research has shown that we can improve our models of mind-
wandering by accounting for neurodivergence [67].

Accounting for clinical diagnoses in engagement research is
particularly important since certain conditions are charac-
terized by developmental challenges that begin to emerge
during early childhood and impact multiple life domains
(e.g. school, home) across the lifespan [49]. These increas-
ingly prevalent conditions are characterized by factors that



Table 1: Demographic and clinical characteristics of participant groups. Number of activities signifies the number of compre-
hension conversations that were included from each participant subset.

Clinical Group Mean Age (SD) | Male | Female | Ethnicity Activities
Not Hispanic or Latino (48)

ADHD 8.527 (1.386) | 35 0 Hicereer Tatne ) 305
Not Hispanic or Latino (22)

ASD 8.345 (1.632) 14 15 Hispanic or Latimo (7) 129

ASD+ADHD 8316 (0.004) | 22 | 16 |-Not Hispanic or Latino (34) 169
Hispanic or Latino (4)

Not ASD or ADHD | 8.409 (1.054) 11 11 | ot Hispanic or Latino (18) 103
Hispanic or Latino (4)
Not Hispanic or Latino (122)

Overall 8.417 (1.276) 82 62 Hispanic or Latino (22) 709

could interfere with our measurement of student engagement
[14]. For example, individuals with Autism Spectrum Dis-
order (ASD) face persistent challenges in social communica-
tion, as well as restricted or repetitive patterns of behaviors,
interests, and activities [4]. Attention-deficit/hyperactivity
disorder (ADHD) is a neurodevelopmental condition diag-
nosed in about 1 in 11 (10.5%) of U.S. school-aged children
[15] and is distinguished by persistent patterns of inattention
and/or hyperactivity-impulsivity. While autism and ADHD
are distinct neurodevelopmental conditions, they frequently
co-occur. 50-70% of people with ASD meet diagnostic cri-
teria for ADHD [58] and 12.5% of individuals with ADHD
meet diagnostic criteria for ASD [73]. This co-occurrence
(colloquially referred to as AuDHD) could result in addi-
tional nuances in learning behavior that would further com-
plicate accurate measurement of engagement in this popu-
lation.

Although ASD and ADHD often co-occur with disabilities
that directly impair reading skills (e.g. dyslexia; [11]), var-
ious clinical features specific to ASD and ADHD can also
contribute to challenges with reading engagement and com-
prehension for children with either condition. Specifically,
impairments in social communication, word recognition, and
oral language may compromise many autistic children’s read-
ing comprehension skills [57, 46, 40]. Furthermore, some
early autistic readers exhibit a striking discrepancy between
their reading comprehension and word recognition skills such
that their reading comprehension skills lag behind their grow-
ing proficiency in word recognition [16]. Reading compre-
hension may also pose difficulty for children with ADHD.
Working memory impairments that are characteristic of
ADHD can constrain reading comprehension and limit chil-
dren’s ability to recall central ideas from text directly after
reading it [47]. Additionally, on average, children with ASD
and/or ADHD may struggle to maintain sustained attention
on tasks they are not interested in or motivated to com-
plete. This suggests that children with ASD and/or ADHD
may exhibit reduced engagement when reading texts they
did not choose [37] or that is not related to their interests
[22]. Thus, several clinical characteristics associated with
ASD and ADHD may exert a powerful influence on reading
engagement and comprehension. With the rising use of digi-
tal literacy platforms aimed at supporting children’s reading
skills, there is a critical need to accurately measure how chil-
dren with ASD and/or ADHD engage with and comprehend
the texts they read on these platforms.

3. PRESENT STUDY
3.1 Digital Literacy Platform

Amira [1] is an online, Al-powered reading platform that
delivers real-time, adaptive literacy instruction. The vir-
tual tutor,named Amira, listens to students as they read
aloud, identifies reading miscues or skill gaps, and provides
brief, real-time instructional supports (micro-interventions)
aligned to the Science of Reading and tailored to the stu-
dent’s ability level and performance history. During com-
prehension dialogue activities, Amira prompts students with
questions designed to assess and deepen skills that are aligned
to grade-level Reading Comprehension standards. For stu-
dents in grades 3 and above—where the cognitive and lan-
guage demands are appropriate—Amira may initiate a com-
prehension dialogue micro-intervention rather than using the
traditional multiple-choice format. These dialogues use open-
ended prompts to probe the student’s ability to demonstrate
the skill, capturing explanation, reflection, or elaboration.
Dialogues are modeled after authentic classroom question-
ing. The student responds either orally or by typing a re-
sponse, and Amira uses advanced speech recognition and
natural language processing (NLP) to capture and compare
student responses against a detailed pre-defined rubric.

Each conversation can extend up to two turns of dialogue.
The dialogue follows the structure of an opening prompt
from the tutor, student response, a follow-up tutor prompt,
student response, and final tutor response. A response timer
is activated after the initial prompt is delivered, and students
are given 10 seconds to begin their response to that turn. If
no response is detected within this timeframe, the system
will automatically deliver scaffolded support (a hint and a
re-prompting of the same question). If any response attempt
is detected, the student has 60 seconds in total to respond
to the prompt on each turn. There is a visual timer present
during the interaction to convey this per-turn time limit.
The follow-up prompt is intended to scaffold the student
towards further addressing rubric criteria that they did not
adequately cover in their initial answer.

All response data—including ASR transcripts, timing, accu-
racy of the response based on the skills being taught, and be-
havioral markers such as hesitation or repetition—is logged
for subsequent analysis, enabling researchers to investigate
both dialogue engagement and comprehension skill perfor-
mance within a dialogic reading context. For this study,
we focus solely on the audio recordings and transcribed stu-
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Table 2: Subset of acoustic features from eGeMAPS [23] use
in analysis grouped by category.

Domain Features

Temporal Loudness Peaks Per Sec; Voiced segment
length (s: mean, std. dev.); Unvoiced seg-
ment length (s: mean, std. dev.)

Energy Harmonic-to-Noise ratio (mean, std. dev.)

Frequency Fundamental Frequency (FO: mean, std.
dev., 20th, 50th, 80th percentiles); FO
mean rising slope; FO mean falling slope;
jitter (mean, std. dev.)

Spectral Alpha ratio, voiced (mean, std. dev.); Al-

pha ratio, unvoiced (mean); Hammarberg
index, voiced (mean, std. dev.); Hammar-
berg index, unvoiced (mean, std. dev.);
Spectral flux, voiced (mean, std. dev.);
Spectral flux, unvoiced (mean); Spectral
slope 0-500 Hz (mean, std. dev.); Spec-
tral slope 500-1500 Hz (mean, std. dev.)

dent responses from the comprehension dialogues described
above.

3.2 Methods

3.2.1 Participants and Data Collection

Participants who consented to be contacted for research
studies were recruited via the Center for Autism Research
(CAR) at the Children’s Hospital of Philadelphia (CHOP).
CHOP’s Electronic Health Records (EHR) database. 1000
emails per week were sent out to CHOP patients based on
certain selection criteria, including (a) diagnosis of autism
spectrum and/or attention deficit/hyperactivity spectrum
disorder or not, (b) age 5-12 years, and (c) in the “learn-
ing to read” phase according to parent report. 144 children
aged 5-12 years with a diagnosis of autism (N=29), ADHD
(N=55), autism + ADHD (N=38), or no diagnoses of autism
or ADHD (N=22) consented to participate in a 7-week at-
home reading intervention pilot study. Once enrolled, par-
ticipants were instructed to read four to five stories per week
on Amira , or for at least 30 minutes. Caregivers completed
surveys providing basic demographic information and feed-
back on their child’s experience with Amira. Full demo-
graphic details for participants can be seen in Table 1. This
study was overseen by the Institutional Review Boards at
CHOP and MDRC.

3.2.2 Acoustic Features and their Extraction

For each of the comprehension activity turns, we extract
acoustic features based on the extended Geneva Minimalistic
Acoustic Parameter set (eGeMAPS) [23] using the OpenS-
MILE toolkit[25]. eGeMAPS is considered a high quality
acoustic feature set for use in emotion recognition tasks [19],
which are closely related to the engagement identification
question. eGeMAPS consists of 25 low-level acoustic fea-
tures comprising four key categories related to these tasks:
prosody, temporal, pitch, and spectral features. Acoustic
features are extracted at regular intervals (e.g, every 10 ms)
from speech samples and the resulting feature time series
is mapped to fixed-dimensional feature vectors by applying
one or more statistical functions (e.g., mean, standard de-
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Table 3: Breakdown of the study dataset based on values
with the parent-reported engagement labels: not engaged
(NE), Somewhat Engaged (SE), and Very Engaged (VE).
Only students with audio recording files are included in the
count.

Clinical Group Not Somewhat Very
Engaged Engaged Engaged
ADHD 1 17 26
ASD 0 8 13
ASD+ADHD 1 12 8
Not ASD or ADHD 0 4 8

viation, percentiles), resulting in 88 features' for each stu-
dent response turn. For frequency values, we focus solely
on the fundamental frequency Fy which has been used in
prior studies as a measure of distinguishing pitch values be-
tween neurodivergent and neurotypical students [53]. This
results in a subset of 49 acoustic features that we use for our
analysis as seen in Table 2.

Prosodic features attempt to characterize the expressive qual-
ities of speech including voice quality, rhythm, and intona-
tion that convey emotion and emphasis; examples include
jitter, shimmer, and harmonic noise ratio measures.

Frequency features attempt to characterize how high or low
the voice sounds and how it varies over time, capturing both
the fundamental frequency (Fp, perceived as pitch) and the
resonant frequencies of the vocal tract (formants). As men-
tioned above, we only analyze fundamental frequency values
in this work. These features were crucial in the work of Lit-
man et al. [44] which showed that pitch was statistically sig-
nificant for discriminating between engaged and disengaged
students.

Temporal features attempt to characterize speech timing,
including speaking rate and pause frequency. We consider
the rate of speech, number of pauses based on loudness val-
ues, and variations in voiced and unvoiced segment lengths,
which have been used in prior work discriminating between
student engagement levels [44].

Spectral features are features that correspond to the spec-
tral shape, such as slope, which are frequently used for af-
fect recognition [23, 61]. These also include the first four
Mel-Frequency Cepstral Coefficients (MFCCs), which have
a documented association with valence and level of interest
[24].

For further details regarding feature extraction (e.g., frame
step, window size, MFCC filterbank/DCT parameters, func-
tionals applied to each acoustic feature), consult [19] and
[23].

3.2.3 Parent Reported Engagement (PRE) Labels
Following seven weeks of the at-home intervention, parents
were given a survey to gather information about their child’s

'Not all statistical functions are applied to all low-level
acoustic features.



experience with the literacy learning system. This survey in-
cluded a specific question about how engaged their child was
while interacting with the tutor with three possible values:
Not Engaged, Somewhat Engaged, and Very Engaged. This
measure, which we will refer to as the parent-reported en-
gagement (PRE) label, represents a relatively basic measure
of engagement, as it does not ask parents to distinguish be-
tween the various ways in which engagement might manifest.
However, it represents a valuable perspective on engagement
from caregivers who are most familiar with the participants’
unique focus styles and avoids concerns about the reliability
of children’s self-report data [21, 28].

PRE was provided by the parents of 139 participants, with
98 of those participants having audio recordings available for
comprehension conversations. Labels were highly skewed to-
wards the Very Engaged and Somewhat Engaged values with
only 4 participants reported as Not Engaged during the ses-
sions, only two of whom had audio recordings. As such, any
patterns observed involving the Not Engaged group should
be considered exploratory. The full distribution of clinical
diagnosis based on engagement level can be seen in Table
3. We exclude any students who have fewer than two au-
dio recordings present in the data. We apply the parent-
reported engagement (PRE) level as a measure of overall
engagement propensity to all comprehension activities with
audio recording for the student. This is not intended to indi-
cate turn-level engagement, but instead enable us to identify
what acoustic features are correlated with children’s general
engagement statement.

3.2.4 Data Preprocessing

We conducted a series of preprocessing steps. In order to
ensure that each participant had enough acoustic data for
analysis, we first selected for students who had participated
in at least two comprehension activities. We then aggre-
gated all of the comprehension conversation turns for that
student and aligned them with the appropriate audio file.
Acoustic features were extracted using the OpenSMILE [25]
toolkit for each of the student conversational turns. We col-
lected system-generated transcriptions of student responses,
which were processed through a simple word count function
to generate verbal response counts for each turn. We then
align the transcribed student response data, audio files, and
the demographic and engagement reports from the parent
surveys?.

3.2.5 Measuring the Effect of Diagnosis x Engage-

ment

To examine effects of clinical diagnosis and PRE levels on
acoustic features while accounting for the fact that we have
multiple audio recordings for each child, we employed popu-
lation average models using generalized estimating equations
(GEE). GEE models are well-suited for correlated data and
provide robust inference without requiring explicit modeling
of subject-specific random effects [43, 59, 75]. We also ex-
plored the use of mixed-effect models; however, they could
not be applied across all the desired acoustic features due to
limited within-child variability.

2The resulting dataset will be released for future work fol-
lowing the completion of the requisite anonymization pro-
cess.
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Table 4: Number of acoustic features showing significant
population-level effects after FDR correction, stratified by
feature category and predictor.

Feature Category Diagnosis Eng. Diagnosis x Eng.
Energy 0 3 3
Frequency 0 6 8
Spectral 0 14 27
Temporal 0 2 5
Total 0 25 33

For each acoustic feature mentioned above, we fit a Gaussian
GEE of the form:

Feature;; = Bo + ,BlTDiagnosisi + S2Engagement;,

+ B, (Diagnosis; x Engagement, ) (1)

+ BaAge; + BaSex; + €4 .

where ¢ represents children and j represents individual acous-
tic observations. Individual acoustic observations are repre-

sented by a vector of acoustic features from OpenSMILE

that were extracted from a single turn in the comprehension

dialogue. These models included clinical diagnosis, engage-

ment, and the interaction of diagnosis and engagement as

categorical predictors, with child age (mean-centered) and

sex (parent-reported assigned sex at birth) as covariates.

They were fit using the python statsmodels package [60]

with the correlation structure set to exchangeable to account

for the within-child correlation from the repeated observa-

tions [43]. Given the broad range of values for different

acoustic features, we normalized the values using Standard-

Scaler from scikit-learn [55]. We also use the statsmodels
package to account for possible false-discovery rates (FDR)

for diagnosis, engagement, and interaction effects with the

Benjamini-Hochberg false discovery rate procedure [8] with

adjusted p-values set using the methodology defined by Yeku-
tieli and Benjamini [72].

4. RESULTS

We examine the results of fitting a GEE model across the
49 acoustic features in Table 2 as well as the verbal response
count of the student responses. In Table 4, we present the
acoustic features that are the most impacted by engagement,
diagnosis or the combination of diagnosis and engagement.
The parent-reported level of engagement acts as an indepen-
dent predictor of acoustic features across all the categories.
There were no statistically significant diagnosis-related ef-
fects present in the dataset. The interaction effects of diag-
nosis and parent-reported engagement are distributed across
all of the feature categories.

4.1 Verbal Response Count

Table 5: GEE Results for Verbal Response Count. This ta-
ble shows the FDR-adjusted p-values across all model terms.
None of the values were considered statistically significant.

Predictor FDR-adjusted p-value
Diagnosis 0.0627
Engagement 0.2420
Diagnosis x Engagement 0.2998
Age 0.1256
Sex 0.3986




In alignment with prior work in verbal engagement, we cre-
ated a GEE model for the normalized verbal response count.
This is taken as the count of words from the transcribed stu-
dent response for a single turn. The results are displayed in
Table 5. Our findings demonstrate that there was no sta-
tistically significant impact of engagement, diagnosis, or the
interaction of the two on this metric. This suggests that this
feature is not dependent on any of these categories.

4.2 Effect of Age and Sex on Results

We account for variations in age and sex in our results by
adding them as intercepts to the GEE model. The results
that we report for all engagement, diagnosis, and their inter-
action are those that did not have a statistically significant
influence from these variables. Of the 49 acoustic features
evaluated, only one had a statistically significant association
age: the standard deviation of jitter. Mean child age had a
positive coefficient of 0.101, indicating that as children get
older than the mean age (in our case 8.4 years old), their
variability in jitter levels increased as well. Child sex (as re-
ported by parents in the demographic survey) did not have
a statistically significant association with any of the acoustic
features tested.

4.3 Engagement Effects

The GEE model shows that PRE levels have an effect on
three energy-related features (i.e., shimmer, mean Harmonic-
to-Noise Ratio and standard deviation of the Harmonic-to-
Noise Ratio). PRE also impacts a number of frequency fea-
tures (e.g., those related to the pitch based on Fy semitone
values and jitter, and changes in consecutive Fy frames) and
spectral shape features (e.g., Alpha Ratio, Hammarberg In-
dex, and Spectral Slope values). In addition, PRE affects
both the mean values of voiced segment length as well as
loudness peaks per second - both of which are associated
with speaking rates. These findings are consistent with prior
work evaluating fluctuations in acoustic features related to
arousal, engagement, and emotion [3, 7, 24, 44]. The ma-
jority of the contrast effects for the model appear between
the Not Engaged and Very Engaged groups, however, we do
see a meaningful difference between shimmer values for the
Somewhat Engaged and Very Engaged groups. Students in
the Somewhat Engaged groups (regardless of clinical diag-
nosis) exhibited higher mean values of shimmer than those
in the Very Engaged group.

4.4 Diagnosis Effects

The GEE analysis of our data did not result in any sta-
tistically significant effects for diagnosis as an independent
predictor. These findings are surprising given a large body of
existing research that demonstrates noticeable differences in
prosody, pitch, and voice quality for individuals with autism
spectrum disorder vs. neurotypical peers [9, 48, 53, 54]. It
is possible that no differences were detected in this study
due to high variability in the speech characteristics of in-
dividuals with a given diagnosis or the fact that this sam-
ple was collected in a highly constrained (and non-social)
context. There are still context-dependent diagnostic dif-
ferences within the dataset that vary based on the child’s
parent-reported engagement level.
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4.5 Diagnosis x Engagement Effects

As shown in Table 4, thirty-three acoustic features exhib-
ited significant interactions between clinical diagnosis and
PRE, indicating that diagnostic differences in vocal produc-
tion depended on PRE. Multiple acoustic categories showed
interaction effects, including three associated with energy,
eight associated with frequency, twenty-seven involved with
spectral shape, and five involved with temporal values. Of
these features, 18 of them demonstrated an interaction ef-
fect without the presence of a statistically significant effect
from one of the other predictors. We report the full set
of the interaction effects in Table 6. Notably, features re-
lated to pitch distribution, spectral variability, and voice
quality showed the strongest evidence of context-dependent
diagnostic effects, underscoring the importance of consider-
ing engagement state when interpreting acoustic markers of
clinical diagnosis in educational interactions. The contrast
effects referencing Not Engaged in the term should be in-
terpreted as exploratory since there were only 2 students
in the analyzed data with audio recordings at this engage-
ment propensity level. Coefficients and patterns reported
for the Somewhat Engaged level are representative of a more
substantial number of participants and observations in the
dataset.

4.5.1 Energy

All three of the features in the energy category demonstrated
interaction effects: the mean Harmonics-to-Noise (HNR) ra-
tio and the standard deviation for the shimmer values. How-
ever, none of the individual contrast effects between groups
registered as statistically significant. There are still some
trends that are present in the dataset that should be men-
tioned for future exploration. Autistic children who were
more engaged exhibited higher values of HNR whereas the
neurotypical group had the opposite pattern. As seen in Fig-
ure 3, For HNR, the ADHD and ASD + ADHD groups more
closely resemble the pattern exhibited by neurotypical chil-
dren, with both showing lower values when Very Engaged
vs. Somewhat Engaged. When children in the ADHD and
ASD+ADHD groups are rated as Not Engaged, the HNR
values are dramatically lower than for the mid-level of en-
gagement, but there is high variability in these groups. This
finding is harder to interpret given that there are a very lim-
ited number of samples in the dataset with the Not Engaged
label. From a practical perspective, when HNR is higher it is
indicative of clearer phonation [3] — which means that chil-
dren with ASD are pronouncing words more clearly when
more engaged whilst the other groups are actually reducing
their clarity.

We also see opposing patterns between the neurotypical and
ASD groups for the shimmer feature. The standard devia-
tion for shimmer is lower for more engaged neurotypical chil-
dren, whereas it is higher for more engaged ASD children.
The more-engaged ADHD group shows a slight increase in
shimmer values. Higher shimmer values mean that there
is more intensity variability, which is frequently associated
with high arousal emotions and higher levels of stress [3].

4.5.2 Frequency

Variations in the frequency characteristics of speech are highly
indicative of individual’s arousal levels and engagement [3,
23, 44]. In Figure 4, we can see the difference in mean values



Table 6: Acoustic features that exhibit a statistically significant contrast effect (after FDR) based on the interaction of
diagnosis x engagement. The reference group for the clinical diagnosis is always Not ASD or ADHD and for engagement
it is always Very Engaged, not engaged is represented as NE and somewhat engaged is represented as SE. Cells show GEE
coefficient (Standard Error). * indicates p < .05. Dashes indicate non-significant contrasts. ' indicates contrast excluded due

to anomalous SE = 0. All values rounded to 4 decimals.

Feature Feature ADHD:NE ASD:NE ASD:SE ASD+ADHD:NE
Type
alphaRatioUV sma3nz (mean)  —0.5758 (0.1514)" — — 0.4108 (0.1876)"
hammarberglndexUV  sma3nz  0.8934 (0.1482)* — — —0.6737 (0.1893)"
(mean)
hammarberglndexV ~ sma3nz —0.1400 (0.0629)" t — —
g (std dev Norm)
pectral
mfcclV smadnz (std dev Norm) — —0.2257 (0.0614)* t ~0.1860 (0.0932)" —
mfcc2 mean 0.4623 (0.1637)* — — —0.4865 (0.1950)*
mfcc3 mean —0.8495 (0.1296)* — — 0.8784 (0.1643)*
mfccd mean 0.7354 (0.1316)" — 0.8278 (0.3660)*  —0.5800 (0.1899)*
spectralFlux sma3 (std dev  0.4964 (0.1335)" — — —0.4418 (0.1846)"
Norm)
slopeV0_500 sma3nz (std dev —0.0945 (0.0404)* — — —
Norm)
slopeV500-1500 sma3nz (std  0.0923 (0.0463)" t — —
dev Norm)
Frequency FOsemitone mean Rising Slope =~ —0.2054 (0.0756)" — — —
jitter Local Mean 0.2886 (0.0955)* — — —
Unvoiced  Segment  Length  0.5296 (0.0669)* — — —0.4114 (0.1307)*
Temporal (mean)
Unvoiced Segment Length (std  0.3700 (0.1083)* — — —0.3406 (0.1305)*
dev)
Voiced Segment Length (std —0.4769 (0.0996)* t — 0.4366 (0.1078)"
dev)

Observed Means for: Voiced Segment Length (stddev)
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=8- ADHD
5 0.35 =®- ASD+ADHD
® -®- ASD
0 0.30 =@ Not ASD or ADHD
4l
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Figure 1: Observed means of the variations of standard de-
viation in voice segment length across different clinical di-
agnoses and parent reported levels of engagement.

for the rising slope for Fy across different clinical diagnoses
and engagement values. The neurotypical group exhibits a
higher range of values than all of the neurodivergent groups
when rated as Somewhat Engaged. These values increase
between the Somewhat and Very Engaged groups for indi-
viduals with ADHD or ASD+ADHD, but they decrease for
neurotypical participants. Essentially, this is indicating that
when individuals with ADHD are more engaged they raise
their pitch more quickly, whereas the neurotypical students
will drop the rate of pitch change when more engaged.

‘We also notice a stark contrast between the trends of mean
values for jitter between the participants with ASD when
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Observed Means for: FO Rising Slope (mean)

Diagnosis
-=@- ADHD
=®- ASD+ADHD
-=@®- ASD
=@ Not ASD or ADHD

Mean = 95% CI

Somewhat engaged Very engaged

PRE

Figure 2: Diagnosis-group level means of the of FO rising
slope across different clinical diagnoses and parent reported
levels of engagement.

compared to all other children. Jitter values are higher for
Very Engaged ASD children than the Somewhat Engaged
group. The pattern is flipped for neurotypical, ADHD, and
ASD+ADHD children. Jitter indicates pitch fluctuations
in speech and higher values are typically associated with
more tremulous or nervous speech [45]. This variation could
indicate that individuals with ASD tremble more when they
are highly engaged with content than their peers.

For both of these values, the only contrast effect that was
statistically significant was for the Not Engaged group with
ADHD when compared to the Very Engaged-Neurotypical
group. However, given the extremely small sample size of



Observed Means for: Harmonics to Noise Ratio (mean)
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Figure 3: Diagnosis-group level means of the Harmonics-
to-noise ratio across different clinical diagnoses and parent
reported levels of engagement.
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Figure 4: Diagnostic-group level means of the mean Alpha
Ratio UV for each of the clinical diagnoses and parent re-
ported levels of engagement.

the Not Engaged group, this result should be verified with
a larger dataset.

4.5.3 Spectral

Interaction effects are most prevalent for the spectral or vo-
cal shape related features. There are statistically significant
effects for the unvoiced Alpha Ratio, voiced and unvoiced
Hammarberg Index, MFCC values, spectral Flux and spec-
tral slope values. As seen in Table 9, there are not any
statistically significant contrast effects for any of the clini-
cal diagnosis in the Very Engaged group. This means that
across the clinical diagnosis, when children were Very En-
gaged, the spectral shape-related acoustic features appear in
a uniform manner in the dataset. On the other hand, there
are meaningful contrasts between different clinical diagnosis
and the Not Engaged and Somewhat Engaged groups.

In our limited set of Not Engaged participants, we see a
number of contrasting acoustic features from the Not ASD
or ADHD:Very Engaged reference group. As demonstrated
in Figure 4, the ASD+ADHD group had higher values for
unvoiced Alpha Ratios than the reference, whereas the ASD
group had substantially lower ones. A low Alpha ratio is
usually associated with a softer voice. The coefficients for
the unoviced Hammarberg Index mirror these results; high

Hammarberg indices are associated with a softer voice, whereas

lower values would be indicative of a sharper one [62]. This
could be indicative of a trend where individuals with ADHD
speak in a much softer tone when disengaged, as opposed to
disengaged individuals with ASD+ADHD who are talking
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in sharper tones. Generally speaking, the mean values for
the Alpha Ratio of the Not ASD or ADHD groups are con-
siderably lower than they are for all other groups in the
study.

We do see significant contrast effects in the Somewhat En-
gaged groups for some of the MFCC values. This includes
lower values for MFCC1V for ADHD children and higher
values for MFCC4 for Autistic Students. MFCC1V values
are usually associated with variations in spectral tilt, with
higher values indicating larger amounts of variation. In-
stead, for the ADHD children this is saying that there is a
limited amount of variation in the spectral tilt when they
are Somewhat Engaged.

4.5.4 Temporal

All of the temporal features had a statistically significant
interaction effect, but only three of them had one with-
out the presence of an Engagement effect. This includes
the standard deviation of the voiced segment length as well
as the mean and standard deviations of the unvoiced seg-
ment length. Lower standard deviations of voiced segment
length mean that the speaker is talking with a more reg-
ular cadence, usually associated with a confident manner
of speaking, whereas higher values can be indicative of hesi-
tant speech [29]. In figure 1, we can see that the neurotypical
group shows a much larger decrease in this value between the
Very Engaged and Somewhat Engaged participants when
compared to the neurodivergent groups. This suggests that
neurotypical children will sound more confident when they
have higher engagement levels, but this perceived confidence
shift may not be reflected in the speech of their neurodiver-
gent peers.

5. DISCUSSION
5.1 Implications for Automatic Detection of

Reading Engagement

In highlighting the effects of parent-reported engagement,
diagnosis, and their interaction on acoustic features, our
ultimate goal is to better inform future models of reading
engagement for diverse learner groups. Our results high-
light the fact that acoustic features may be a more equi-
table signal than verbal response count for measuring read-
ing engagement in the home setting. We recommend the
use of acoustic features that demonstrate robust effects re-
lated to engagement propensity while taking into account
interactions between clinical diagnosis and engagement lev-
els. This includes Hammarberg index values, Alpha ratios,
shimmer, as well as loudness peaks per second and mean val-
ues of voiced segment length. However, all of these values
were associated with a statistically significant interaction ef-
fect between the diagnosis and PRE. Special consideration
should be given when using acoustic features to predict en-
gagement levels for children with ASD. In our data, we no-
tice high variability for a number of acoustic features within
this group. This may make it especially difficult to accu-
rately predict engagement levels since there may not be a
consistent observable speech pattern.

These findings are intended to be used to create adaptive at-
home literacy learning systems. The differences presented
in acoustic measures for individuals with ASD or ADHD



are not indicative of a reading comprehension deficit. Nor
should they be used as a diagnostic tool. Instead, these
should be interpreted as evidence that we need to develop
more complex acoustic-feature based predictive models that
can account for variations in the presentation of speech-
related engagement signals. With effective real-time engage-
ment predictions, it is possible to implement interventions
that keep students engaged with reading materials at home,
and in turns lead to more opportunities for improving their
reading comprehension skills.

5.2 Limitations and Future Directions

The detectors presented here are comparable in performance
to a range of others in previous research, but would still ben-
efit from further refinement, particularly from efforts that
could expand our data collection efforts. It is important
to note that this a sensitivity study on the collected audio
data, and we are not evaluating the impact of a particular
reading intervention on features related to reading engage-
ment. This is a logical next step in future research studies
- leveraging these features as a non-invasive measure of the
effect of particular reading interventions on student reading
engagement in different subgroups.

Like many studies, this analysis would have benefited from
the use of a larger data set. This is particularly challenging
because the majority of available speech datasets that might
serve as points of comparison—especially those used to iden-
tify acoustic features related to engagement—are composed
of adult speech samples from extemporaneous speech. In ad-
dition to raw frequency differences between adult and child
acoustic data, children often exhibit different speech behav-
iors in extemporaneous speech, and our samples were further
constrained by the activities students were asked to perform
as part of a task related to learning to reading.

In addition to benefiting generally from a larger sample,
we would also benefit from diversifying our sample. Im-
portantly, our current dataset is representative of children
with several possible clinical conditions, which allowed us
to present findings related to neurodiversity that have been
understudied in the EDM community. However, it would
still benefit from a more robust sampling of ethnic, socioe-
conomic, and English language learner status as variation
within those diagnoses, as those factors are known to affect
students’ language patterns.

Future work should also look for ways to improve the gran-
ularity of the engagement labels, as the PRE labels were de-
rived from parental evaluations of students’ experience with
the learning system in its entirety. However, even the most
engaged child will not be completely engaged during every
lesson, or every turn of that lesson. Ideally, in future exper-
iments we will complement this measure with finer-grained
labels, allowing us to develop a more nuanced understand-
ing how students who are highly engaged overall might vary
over the course of several weeks while also developing a more
nuanced understanding of the acoustic indicators of this en-
gagement. Additionally, we acknowledge that our dataset
contained a very small number of students in the not en-
gaged group. Ideally, in a larger sample we would have a
less imbalanced set of engagement levels. Such efforts would
also substantially improve our predictive modeling of real-
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time engagement.

Finally, we aim to expand our approach to comprehension
conversation data. During a single comprehension activity,
the microphone is open for a fixed period of time where the
student responds to - at most - two conversational turns.
This substantially limits the amount of data that can be
collected, as students may be cut off before they are able to
fully participate with the task. There may be strategic rea-
sons for the learning system to continue such practices, but
it would be good to consider ways in which we might better
understand how this constraint affects student engagement,
particularly as we seek to use more fine-grained levels than
those employed in this study.

Still, the course-grained PRE labels deployed here—in ad-
dition to serving as an important step towards better un-
derstanding home usage—might also help us to better un-
derstand when apparent disengagement at the micro-level
may be incidental. For example, they likely indicate a stu-
dents’ overall propensity to re-engage with the learning sys-
tem, which could be used to help filter more fine-grained,
moment-to-moment patterns in order to better understand
which students need greater support.

6. CONCLUSION

In this paper, we have explored the use of acoustic features to
measure reading engagement during online learning sessions
across a diverse learner population. Acoustic features pro-
vide a non-invasive manner of capturing critical data related
to student behavior and affect while they are working with
a digital literacy platform at home. We present the nuances
of modeling reading engagement for children with ADHD,
ASD, or both based on the unique characteristics of these
conditions. Our study includes audio and transcription data
collected from 144 children over the course of several weeks
who engaged in passage reading and reading comprehension
tasks while at home.

Specifically, we use parental reports of engagement (PRE)
with the system and clinical diagnosis to create generalized
estimating equations (GEEs) for engagement-related acous-
tic features. We compare the effect of clinical diagnosis,
parent report of engagement, child age and sex on a set of
49 acoustic features across 98 students from our dataset. We
confirmed the results of prior work demonstrating that cer-
tain acoustic features related to frequency, temporal, spec-
tral, and energy characteristics of speech are consistently in-
fluenced by engagement levels [44]. However, we discovered
that all of the features are also impacted by the interac-
tion between clinical diagnosis and engagement level. This
suggests a critical need to develop more robust measures
for measuring reading engagement that can account for the
unique characteristics associated with different neurodevel-
opmental conditions. In future work, we hope to collect more
refined turn-level engagement annotations that can be used
to develop acoustic feature-driven models of reading engage-
ment based on these findings. Furthermore, by integrating
these measures of reading engagement into digital literacy
systems we can create personalized adaptive learning inter-
ventions to increase individual students’ reading comprehen-
sion gains.
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APPENDIX

A.

PER-FEATURE GEE RESULTS

Table 7 includes all acoustic features organized by high level
category as well as the results of fitting the GEE model for
that feature.
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