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Abstract
Background

Evidence-based parenting programs effectively prevent the onset and escalation of child and adolescent behavioral

health problems. When programs have been taken to scale, declines in the quality of implementation diminish inter-

vention effects. Gold-standard methods of implementation monitoring are cost-prohibitive and impractical in

resource-scarce delivery systems. Technological developments using computational linguistics and machine learning

offer an opportunity to assess fidelity in a low burden, timely, and comprehensive manner.

Methods
In this study, we test two natural language processing (NLP) methods [i.e., Term Frequency-Inverse Document

Frequency (TF-IDF) and Bidirectional Encoder Representations from Transformers (BERT)] to assess the delivery of

the Family Check-Up 4 Health (FCU4Health) program in a type 2 hybrid effectiveness-implementation trial conducted

in primary care settings that serve primarily Latino families. We trained and evaluated models using 116 English and 81

Spanish-language transcripts from the 113 families who initiated FCU4Health services. We evaluated the concurrent val-

idity of the TF-IDF and BERT models using observer ratings of program sessions using the COACH measure of com-

petent adherence. Following the Implementation Cascade model, we assessed predictive validity using multiple indicators

of parent engagement, which have been demonstrated to predict improvements in parenting and child outcomes.

Results
Both TF-IDF and BERTratings were significantly associated with observer ratings and engagement outcomes. Using mean

squared error, results demonstrated improvement over baseline for observer ratings from a range of 0.83–1.02 to 0.62–
0.76, resulting in an average improvement of 24%. Similarly, results demonstrated improvement over baseline for parent

engagement indicators from a range of 0.81–27.3 to 0.62–19.50, resulting in an approximate average improvement of 18%.

Conclusions
These results demonstrate the potential for NLP methods to assess implementation in evidence-based parenting

programs delivered at scale. Future directions are presented.
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Trial registration
NCT03013309 ClinicalTrials.gov.

Plain Language Summary: Research has shown that evidence-based parenting programs effectively prevent the onset

and escalation of child and adolescent behavioral health problems. However, if they are not implemented with fidelity,

there is a potential that they will not produce the same effects. Gold-standard methods of implementation monitoring

include observations of program sessions. This is expensive and difficult to implement in delivery settings with limited

resources. Using data from a trial of the Family Check-Up 4 Health program in primary care settings that served

Latino families, we investigated the potential to make use of a form of machine learning called natural language processing

(NLP) to monitor program delivery. NLP-based ratings were significantly associated with independent observer ratings of

fidelity and participant engagement outcomes. These results demonstrate the potential for NLP methods to monitor

implementation in evidence-based parenting programs delivered at scale.

Keywords
implementation, implementation outcomes, integrated care, preventive intervention, provider, health care, treatment

fidelity, validity

Introduction
Evidence-based parenting programs have an extensive
body of literature supporting their potential to prevent the
onset and escalation of a broad array of negative behavioral
health outcomes for children and adolescents, including
anxiety, depression, suicide, conduct problems, substance
use, sexual risk, and academic underachievement
(O’Connell et al., 2009). Research on the implementation
of these preventive interventions has concluded that
factors related to the implementers’ delivery (e.g., fidel-
ity/adherence, quality) and the participants’ responsiveness
to the program (e.g., attendance, active in-session partici-
pation, and home practice) are key drivers of program
success (Berkel, Mauricio, et al., 2018; Dane &
Schneider, 1998; Durlak & DuPre, 2008; Dusenbury
et al., 2005). When evidence-based programs have been
scaled out to community settings, declines in implementa-
tion have translated to diminished intervention effects,
sometimes referred to as the “voltage drop” (Chambers
et al., 2013; Henggeler, 2004; Kilbourne et al., 2007).

Gold-standard methods of implementation monitoring
used in efficacy and effectiveness trials involve independ-
ent observations (Kazdin, 2003; Perepletchikova et al.,
2007), which require extensive training and supervision
of coders to maintain interrater reliability (Berkel et al.,
2019; Schoenwald et al., 2011). Even though these gold-
standard approaches have superior validity relative to
other commonly used methods (e.g., facilitator self-report;
Dusenbury et al., 2003; Mauricio et al., 2017), they are
cost-prohibitive and impractical in resource-scarce
community-based delivery systems (Berkel et al., 2019;
Brown et al., 2013; Hanson et al., 2014). Because mechan-
isms to reimburse supervision time in community organi-
zations are lacking, observational assessment of program
delivery is rarely done in community settings (Schoenwald
et al., 2011). Supervision is typically limited to discussions
about administrative issues, and sometimes includes

problem solving for difficult cases (Aarons & Sawitzky,
2006). In addition to the clinical need for scalable implemen-
tation measurement, the field of implementation science is
also lacking efficient implementation outcome measures
that would facilitate the testing of implementation strat-
egies at the organizational level (Proctor et al., 2013; Waltz
et al., 2019). The need to use observational methods to
assess implementation outcomes places a severe strain on
already overstretched research budgets. Thus, the develop-
ment of feasible and scalable measures of program delivery
can address both clinical and scientific needs.

In recognition of the limited evidence for the validity of
self-report, and the high burden of gold-standard observa-
tional techniques, multiple strategies have been proposed
to balance feasibility and validity of such assessments.
For example, Beidas and colleagues (2016) conducted a
randomized trial comparing goal standard behavioral
observations with self-report and two innovative approaches
for assessing fidelity in CBT. One strategy was chart-
stimulated recall, in which a trained rater conducts a struc-
tured interview with a provider using a patient chart to
improve recall of what happened during the intervention.
The second approach, which is often used during training,
was behavioral rehearsal, in which providers role-played the
intervention during a session with a trained rater. Results
demonstrated that behavioral rehearsal was on par with
behavioral observations; however, chart-stimulated recall sig-
nificantly overestimated adherence, as did self-report
(Becker-Haimes et al., 2022). A potential drawback is that
both approaches depend on the availability of a trained
rater, which may limit feasibility in resource-poor implemen-
tation environments.

Other innovative approaches have sought to make use
of intervention documents to enhance feasibility.
Whiltsey Stirman and colleagues (2018) developed a
coding system that made use of fidelity via worksheets
used in CBT sessions to schedule behavioral activities
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and track effects on mood. Berkel, Sandler, and colleagues
(2018) used home practice worksheets in a preventive
intervention for divorcing families to assess the quantity
and quality of engagement in program skills. They found
that the quality of home practice was associated with
improvements in parenting and child mental health out-
comes; each 1-unit increase in home practice competence,
rated by the program implementer, was associated with a
reduction for the risk of borderline diagnosis of internaliz-
ing by one-half and externalizing by one-third (Berkel,
Mauricio, et al., 2018; Berkel, Sandler, et al., 2018).
Moreover, independent ratings of fidelity to program
content were significantly associated with higher levels of
home practice competence (Berkel, Mauricio, et al., 2018).
There were also significant indirect effects of delivery
quality on home practice competence, mediated through
attendance. Based on these findings, a Dynamic
Implementation Monitoring and Feedback System (DIMFS)
was proposed, which would make use of home practice
data to broadly monitor implementation and prompt a more
in-depth review of sessions if home practice scores fell
below an acceptable threshold (Berkel et al., 2019).

Within the DIMFS, natural language processing (NLP)
was proposed as a potentially feasible and valid way to
facilitate these more in-depth reviews. NLP combines com-
putational linguistics and machine learning, offering an
opportunity to assess delivery in a low burden, timely,
and comprehensive manner (Berkel et al., 2019; Brown
et al., 2013; Flemotomos et al., 2021; Gallo et al., 2021).
Automated ratings of written or spoken language have
been used in private sectors and education for decades
(e.g., Shermis et al., 2015), and recently have been used
to monitor the delivery of evidence-based interventions.
For example, Atkins, Narayanan, and colleagues applied
NLP to assess linguistically-based indicators of the
quality of motivational interviewing (MI) in individual
psychotherapy (Atkins et al., 2014; Can et al., 2016;
Flemotomos et al., 2022; Imel et al., 2014; Xiao et al.,
2015). They found high degrees of sensitivity and specifi-
city (.63–.86) between human ratings and text classifica-
tion of linguistically based quality indicators, including
open-ended questions, reflections, and empathy. In the
field of prevention, Gallo, Pantin, et al. (2015) used NLP
to assess facilitators’ use of open-ended questions in the
Familias Unidas program and found high correspondence
between human and machine ratings for open-ended ques-
tions. Validated NLP methods to assess indicators of
program delivery could reduce the cost of objective assess-
ment, improve the reliability of assessments, and enable a
rapid feedback system to support sustained, high-quality
implementation when programs are delivered at scale in
community settings (Berkel et al., 2019; Gallo et al., 2021).

In the current study, we test machine learning methods
in the assessment of the delivery of the Family Check-Up 4
Health (FCU4Health) program in the Raising Healthy
Children study (Smith, Berkel, Jordan, et al., 2018). The

FCU4Health is an adaptation of the Family Check-Up
(FCU; Dishion & Stormshak, 2007) developed to fit
within the context of primary care (Berkel, Rudo-Stern,
et al., 2020; Smith, Berkel, Rudo-Stern, et al., 2018).
The original FCU is an evidence-based preventive inter-
vention that was originally designed to prevent conduct
problems and substance use through an individually tai-
lored approach. An ecological assessment and MI skills
are used to engage parents in a menu of follow-up
support, including parenting modules and referrals to
community-based resources, to improve family manage-
ment and child behavioral health outcomes.

Multiple randomized trials have demonstrated the
effects of the FCU on parenting, parental depression,
child self-regulation, child conduct problems, and adoles-
cent substance use (e.g., Dishion, Brennan, et al., 2014;
Fosco et al., 2014; Shaw et al., 2009; Van Ryzin &
Nowicka, 2013). Nonetheless, as with many preventive
interventions, scale-up has been limited (O’Connell et al.,
2009). Primary care was identified as a setting that could
overcome many of the barriers to implementation, includ-
ing a trusting, longitudinal relationship with pediatricians,
the lack of stigma associated with primary care, and sus-
tainable billing mechanisms (Leslie et al., 2016; Perrin
et al., 2016). At the time, integration of behavioral health
support in healthcare settings was limited, and while our
primary care partners recognized the importance of parent-
ing and behavioral health, it was seen as secondary to the
focus on physical health—in particular, nutrition and pedi-
atric obesity (Berkel, Rudo-Stern, et al., 2020). With emer-
ging findings that the FCU had spillover effects on obesity,
nutrition, and physical activity (Rudo-Stern et al., 2016;
Smith et al., 2015; Van Ryzin & Nowicka, 2013), our
primary care partners’ perceptions about the appropriate-
ness of the FCU for their context increased. We thus
enhanced the program, now called the FCU4Health, to
add a more explicit focus on family health routines and
child health behaviors, such as nutrition, sleep, physical
activity, and screen time, resulting in a whole-child
health approach (Berkel, Rudo-Stern, et al., 2020; Smith,
Berkel, Rudo-Stern, et al., 2018). In a randomized trial
conducted with three primary care organizations, the
FCU4Health program has demonstrated effects on parent-
ing, parental depression, child self-regulation, internaliz-
ing, and externalizing (e.g., Berkel, Fu, et al., 2021), as
well as family health routines and child health behaviors
(e.g., physical activity, dietary choices; Smith, Berkel,
et al., 2021; Smith, Carroll, et al., 2023).

Fidelity to the content and clinical processes (i.e., com-
petent adherence) of the FCU and FCU4Health is assessed
via the COACH observational rating system (Dishion,
Smith, et al., 2014). Domains of the COACH include: (a)
Conceptual accuracy and adherence to the FCU model,
(b) Observant and responsive to client needs, (c)
Actively structuring sessions to optimize effectiveness,
(d) Careful and appropriate teaching, and (e) Hope and
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motivation are generated (see Smith et al., 2013, for a full
description). Following the implementation cascade model
(Berkel et al., 2011; Berkel, Mauricio et al., 2018), research
on the implementation of the FCU and FCU4Health has
demonstrated that program implementers’ delivery of the
program influences participant responsiveness, which in
turn is associated with improvements in parenting and
child outcomes (Berkel, Mauricio, et al., 2021; Chiapa
et al., 2015; Smith et al., 2013). In the Early Steps efficacy
trial of the FCU, COACH scores predicted change in par-
enting skills at the 1-year follow-up; this relation was
mediated by parent engagement (Smith et al., 2013).
Drift in COACH ratings over a 4-year period (child ages
2, 3, 4, and 5), although fairly minimal, predicted distal
changes in child oppositional and aggressive behaviors 3
years later (Chiapa et al., 2015). In the FCU4Health,
COACH scores were associated with in-session active par-
ticipation, engagement in parenting modules, and increases
in parents’ self-reported motivation to improve family
management and child health (Berkel, Mauricio, et al.,
2021). Moreover, COACH ratings were unrelated to
parent language preference (Spanish vs. English), or base-
line parent motivation or depression.

The Current Study
This study sought to validate the use of NLP-based ratings
as a method of evaluating implementation in the
FCU4Health program. We analyzed transcripts from the
113 English and Spanish-speaking families in the interven-
tion condition of the Raising Healthy Children trial who
participated in at least one program session to train and
evaluate NLP models of program delivery. To assess con-
current validity, we compared NLP-based ratings to
COACH scores rated by observers. To assess predictive
validity, we also compared them to multiple indicators of
parent engagement (in-session participation, attendance at
follow-up parenting sessions, home practice ratings, and
parent motivation to change) that previous research has
found to be associated with human ratings of program
delivery and predictive of improvements in parenting and
child behavioral health (Berkel, Mauricio, et al., 2021;
Chiapa et al., 2015; Smith et al., 2013).

Methods

Study Procedures
This study made use of data from the Raising Healthy
Children study, a type 2 hybrid effectiveness-implementation
trial of the FCU4Health conducted in partnership with
three primary care systems; two federally qualified health
centers (FQHCs) and one hospital-based outpatient
primary care clinic (Smith, Berkel, Jordan, et al., 2018).
These clinics are located in the urban center of Phoenix
and serve primarily Mexican American families with low

income. The majority of children received Medicaid, and
more than half of families struggled with food insecurity.
Human subject’s involvement was overseen by the
Institutional Review Boards of Arizona State University
and Phoenix Children’s Hospital. All other institutions par-
ticipating in this research provided signed reliance agree-
ments ceding to the IRB of Arizona State University.
Children aged 5.5–12 years with elevated BMI (≥85th per-
centile for age and gender) were identified by primary care
providers, primarily during regular well-checks. Prior to
participation, parents provided written consent for them-
selves and their children; children provided assent.
Enrolled families (n= 240) completed baseline assess-
ments, which included validated and normed surveys
related to social determinants of health, parenting, child
behavioral health, family health routines, and child health
behaviors (Berkel & Smith, 2017). The assessments were
conducted either in English or Spanish with native speak-
ers, based on the preference of the family. Subsequent to
the baseline assessment, families were randomly assigned
to the FCU4Health (n= 141) or usual care (n= 99).
Follow-up assessments were conducted at 3 months, 6
months, and 12 months after baseline. Families were com-
pensated for participation in each wave of data collection
($40 at baseline, $25 at the 3-month follow-up, $30 at
the 6-month follow-up, and $55 at the 1-year follow-up).

Families begin the FCU4Health with the first Feedback
Session, in which FCU4Health Coordinators use MI skills
to learn about family context and priorities, share the results
of the baseline assessment, and work with the families to set
goals for tailored follow-up supports. Depending on the iden-
tified needs, FCU4Health Coordinators offered parenting
modules from the Everyday Parenting curriculum (Dishion
et al., 2011) and/or coordination with community resources
to address needs related to social determinants of health.
In two follow-up Feedback Sessions (after the 3-month
and 6-month follow-ups), FCU4Health Coordinators
checked-in with families about their progress, addressed
potential barriers, and set new goals. During the 6-month
Feedback Session, families were also linked with ongoing
support as needed. The 12-month assessment was for data
collection only. Of the 141 families randomly assigned to
the FCU4Health, 113 participated in the first Feedback
Session. Feedback Sessions were video-recorded for clinical
supervision and fidelity monitoring. These sessions were pro-
fessionally transcribed for the purposes of this study (n=197;
116 in English and 81 in Spanish).

Participants
Because the focus of the study is on the implementation
fidelity of the FCU4Health, only families in the interven-
tion condition were included. At baseline, children’s
mean age was 9.5 (SD= 1.9) years, and gender was 52%
male and 48% female. Mean child BMI percentile was
115.6% above the 95th percentile. Caregivers were
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predominantly female (n= 130; 92%). Caregivers’ racial/
ethnic background was: 68% Latino, 14% non-Latino
White, 5% African American, 4% American Indian/
Alaska Native, 2% Asian, and 5% multiple racial/ethnic
categories. A majority of caregivers (62%) completed
baseline assessments in English, with the remainder
(38%) completing them in Spanish.

Measures and Coding Procedures
NLP-Based Ratings of Program Delivery

We conducted analyses to compare two commonly used
NLP models: Term Frequency-Inverse Document Frequency
(TF-IDF) and Bidirectional Encoder Representations from
Transformers (BERT). TF-IDF focuses on word and phrase
usage and how these vary across “documents” (here, session
transcripts) as inputs to machine learning models. TF-IDF
reduces the influence of generally common words and
phrases and increases words and phrases that vary across ses-
sions, which are likely to be more discriminative, especially
those relying on small datasets (Bafna et al., 2016; Kadhim,
2019). Because these n-gram approaches can lead to thou-
sands of potential features (i.e., regression inputs), features
were reduced a priori using feature extraction, performed
using the scikit-learn library (Pedregosa et al., 2011).
Dimensional reduction was then performed using Latent
Semantic Analysis. The reduced set of TF-IDF features was
used as inputs to a support vector regression (SVR) with a
Gaussian kernel, which is a traditional machine learning
model that can yield robust prediction results with thousands
of inputs. In the current application, individual SVRs were
trained for each outcome.

TF-IDF approaches have a simplistic view of
language in that they fundamentally are looking at
word-by-document co-occurrence and do not bring any
information about the meaning of individual words or
phrases to a given prediction task. More recent NLP
models, like BERT, make use of word embeddings. The
basic idea of word embeddings is that a word’s meaning
can, in part, be derived from the words that frequently
occur in close proximity to it across a great number of
text documents. The notion of word embeddings can be
generalized to phrases, sentences, or other linguistic
units. Approaches using such embeddings have two separ-
ate steps: (a) embeddings are first learned in a large,
general corpus and (b) the embeddings are then potentially
adapted to a given domain and then used as inputs to a spe-
cific prediction task. For the present work, we employed a
pre-trained multilingual BERT model (Devlin et al., 2019)
to extract linguistic embeddings. This model has been
trained on large-scale Wikipedia data for 104 languages,
including English and Spanish. We adapted BERT using
a corpus of general psychotherapy transcripts (Alexander
Street, n.d.; Imel et al., 2015) to provide better, domain-
relevant embeddings for the provider utterances. The
corpus contains 330,050 therapist utterances from 3,642

session transcripts. The sequence of the adapted BERT
embeddings then served as input into a long short term
memory (LSTM)-based model, which is a common, deep
learning model for NLP. The model was built using
Tensorflow (Abadi et al., 2016) and trained using an
Adam optimizer (Kingma & Ba, 2015), with a learning
rate of 1e-3 and a batch size of 16. Each experiment was
run for a maximum of 100 epochs with early stopping
with a patience of 10 epochs, based on validation loss. A
unique model was trained for each outcome.

Observer Ratings of Program Delivery
The COACH observational rating system (Dishion,

Smith et al., 2014) was used to rate fidelity to the
FCU4Health feedback session protocol. The COACH
assesses five dimensions of observable coordinator skill
in the FCU4Health, which are rated separately on a
9-point scale: 1–3 (needs work), 4–6 (competent work),
and 7–9 (excellent work). Coders were four family inter-
ventionists with training in the FCU4Health and experi-
ence delivering the program to families in the trial. Three
bilingual coders were assigned sessions in Spanish and
English, and one monolingual English coder was assigned
only sessions in English. They did not rate any of their own
sessions. They received approximately 20 h of training on
COACH coding. First, the coding team conducted ratings
of Feedback Sessions as a group led by one of the
program developers (JDS). Next, they each independently
rated 3–5 sessions to evaluate the reliability across coders.
As was the case in previous trials, “agreement” was
achieved if raters’ scores were within one point of the
gold standard on each dimension. The reliability criterion
required scoring three sessions in a row with 85% agree-
ment with gold standard ratings. Once the reliability criter-
ion was met, the coders were assigned sessions and
attended bi-weekly meetings to maintain reliability and
minimize coder drift over time. Coders first reviewed the
assessment results to establish familiarity with the family
and develop a case conceptualization. This step has been
shown to improve the reliability of COACH ratings
(Smith et al., 2016). Coders then viewed the entire
FCU4Health feedback session. To calculate interrater reli-
ability, 20% of the sessions were randomly selected for
independent rating by two different members of the
team. The same 1-point criterion was used to calculate
the percent agreement between coders. Agreement was in
the acceptable range (IRR= .74).

Parent Motivation
At posttest, caregivers reported on their motivation to

achieve seven goals for their families. Three of these
goals, related to parenting and family dynamics, were
taken from the original FCU (Fosco et al., 2014). Four
new goals that relate to child health behaviors (e.g., nutri-
tion, physical activity, sleep, and screen time) were added
for the FCU4Health. Parents rated each of these goals on a
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5-point scale with anchors informed by the transtheoretical
model (Prochaska & DiClemente, 1983): 1= no change
needed, 2= thinking about change, 3=wanting to
change, 4= taking steps to change, and 5=working
hard to change. Cronbach’s α for the full 7-item scale
was .91.

Parent Engagement Outcomes
In-Session Engagement. Coders also rated caregivers’

in-session engagement during the feedback session as: 1–3
(low, caregiver is inattentive or disengaged), 4–6 (medium,
modest signs of engagement), and 7–9 (high, caregiver
actively participates and is attentive and responsive). As
with the COACH dimensions, the engagement dimension
includes participant behaviors that reflect positive and nega-
tive indicators of engagement, including “Engages in
‘change talk’ by reflecting on the past and future” (positive),
“Actively participates, nods head, and stays on topic during
feedback” (positive), and “Angry or defensive during feed-
back session” (negative). Interrater reliability for the care-
giver engagement item has been fair to excellent in
previous studies (Chiapa et al., 2015; Smith, Dishion
et al., 2013; Smith, Rudo-Stern, et al., 2019). Agreement
was in the acceptable range (IRR= .73).

Attendance at Follow-Up Parenting Sessions. The
FCU4Health activities checklist was adapted from a form
used in the original FCU trials (Winter & Dishion, 2007)
to capture administrative data used as part of program
delivery. This form was used to capture the number of
follow-up parenting sessions attended.

Home Practice Competence. Like many parenting pro-
grams, a core component of the FCU4Health is the practice
of parenting skills between program sessions. Home prac-
tice was assigned at each parenting session. To reinforce
the use of the skills and troubleshoot any changes,
FCU4Health Coordinators asked parents to report back
on how their skills practice went during the following
session. To capture the quality of parents’ home practice
of program skills, we made use of a measure of home prac-
tice competence that we developed for an effective trial of
the New Beginnings Program for divorcing families
(Berkel et al., 2019). In that trial, program facilitators
rated parents on a 5-point scale for each skill assigned
during the week. These ratings were associated with
improvements in multiple domains of parenting and child
behavioral health outcomes; for every one-unit increase
in home practice competence, the risk of child internalizing
was cut in half and the risk for externalizing was cut by
one-third (Berkel, Mauricio, et al., 2018; Berkel, Sandler,,
et al., 2018). We followed the same procedures in this trial.
Specifically, on the subsequent meeting after each home prac-
tice was assigned, the FCU4Health Coordinators assigned the
home practice and then rated parents’ competence with using
the home practice skills. For the purposes of this study, a
mean was taken across all of the home practice ratings.

Analytic Approach
We ran analyses to assess the concurrent validity of the
NLP-based ratings with observer ratings on the COACH
and predictive validity to assess the extent to which
NLP-based ratings were associated with measures of
parent engagement established in previous studies
noted above. For the former case, since annotations
from multiple coders were available, we fused the mul-
tiple annotations using a majority vote, triplet embed-
ding scheme (Booth et al., 2018, October). Such a
method alleviates personal annotator biases and helps
us generate more robust, “ground truth” target values
of the COACH ratings. For the latter, to address the
nesting of multiple Feedback Sessions within families,
all transcripts for each family were combined into a
single transcript (see Figure 1).

For each analysis, we report results using the TF-IDF and
BERT embedding approaches, as detailed above. As is
common in machine learning, models were trained on a
subset of data, where the resulting model accuracy is then
tested on the held-out data, not included in training. The
dataset used to train and test the models was composed of
both English and Spanish language sessions. We considered
conducting separate analyses for English and Spanish tran-
scripts. However, we elected to combine them for two
primary reasons:

1. Although we define language preference based on a
dichotomous indicator of the language parents chose
to complete their assessments, this is an oversimplifica-
tion. The Phoenix area is a bicultural community
(Basilio et al., 2014) and even when parents choose
English, they often communicate through a mix of
English and Spanish (and vice versa for the parents
who choose Spanish).

Figure 1
Number of Transcripts for the Assessment of Concurrent and Predictive
Validity
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2. The ultimate goal is to develop a system that can be used
to monitor implementation for the entire population of
patients served by the FCU4Health. Separating out
English and Spanish transcripts would result in one
system for English speakers and a separate system for
Spanish speakers; each of which would need to be
maintained and updated over time. Moreover, given
the preference of many families to use both English
and Spanish noted above, it is unclear how this would
be accomplished.

We report the average results using 5-fold cross-validation,
where the transcripts were divided into five non-overlapping
groups (see Figure 2). The random assignment of transcripts
to groups was stratified by language, and as a result, the pro-
portion of Spanish:English transcripts was equal across
groups. Each fold was independently held out as a test set,
and a model was trained using the remaining folds. Mean
squared error (MSE) on the held-out test set of data is the
primary focus of evaluation. Here, MSE is given as follows:

MSE = 1
n

∑n

i=1

(Yi − Ŷ i)
2 ,

where n is the number of data points, Yi are the observed
values, and Ŷi are the predicted values. Lower MSEs indicate
a better fit between the predicted values and the observed
values. We compared our results against a simple baseline
where the prediction every time is the numeric average of
the target prediction for all the sessions in the training set.
We conducted paired bootstrap tests to determine whether
the models significantly improved prediction over baseline
(Berg-Kirkpatrick et al., 2012).

Results

Concurrent Validity: Associations
Between Machine Ratings and Human
Ratings of Delivery
The results for each of the five COACH ratings of program
delivery are provided in Table 1. All models predicted out-
comes significantly better than the baseline (p< .05).
Neither model was consistently superior to the other in pre-
dicting COACH scores: the LSTM model using BERT
embeddings as the input representation performed best
on three of the scores, while the support vector regressor
using TF-IDF features produced the highest performance
on the other two. We observed decreases in MSE relative
to the baseline of 25.6% for Conceptually Accurate,
14.0% for Observant and Responsive, 25.9% for Active
Structuring, 26.2% for Careful and Appropriate
Teaching, and 26.0% for Hope and Motivation, for an
average performance increase of 23.5% across the five
scores.

Predictive Validity: Associations Between
Machine Ratings and Participant
Engagement
The results for the measures of parent engagement are
provided in Table 2. Again, all models were found to
produce results that were significantly better than base-
line (p < .05) and neither model was consistently super-
ior to the other. The LSTM model using BERT
embeddings as the input representation performed best
on three of the measures, while the support vector
regressor using TF-IDF features produced the highest

Figure 2
The 5-Fold Method for NLP Model Training and Testing

Note. Assignment was stratified by language to ensure equal representation for English and Spanish transcripts.
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performance on the other two. The increase in absolute
performance over the baseline for the best-performing
model is 19.7% for in-session active participation
ratings, 11.0% for the number of follow-up parenting
sessions attended, 21.2% for home practice ratings,
and 9.5% for motivation, for an average absolute per-
formance increase of 18.0% across the five measures.

Discussion
As evidence-based parenting interventions move
towards scale-up, feasible and valid methods to
monitor delivery and provide timely feedback are
needed to ensure public health impact (Berkel et al.,
2019). There is a growing focus on developing innova-
tive methods to address the limited feasibility of gold-
standard observational methods and the limited validity
of self-report (Beidas et al., 2016; Berkel et al., 2019;
Wiltsey Stirman et al., 2018). NLP methods may offer
an opportunity to assess program delivery in a low
burden, timely, and comprehensive manner (Berkel
et al., 2019; Gallo et al., 2021), which may surpass
other approaches in terms of feasibility and validity.
Although widely used in other settings, NLP has
rarely been applied to behavioral health interventions,
and more rarely still with evidence-based parenting pro-
grams (see Flemotomos et al., 2022; Gallo, Berkel,
et al., 2015; Gallo, Pantin, et al., 2015 for exceptions).
This study made use of transcripts from the
FCU4Health program to assess the concurrent and pre-
dictive validity of automated ratings of program

delivery. Results demonstrated that both NLP methods
tested within the current study (TF-IDF and BERT
embeddings) were significantly associated with obser-
ver ratings using the COACH measure. The COACH
has been used in both FCU and FCU4Health trials,
and previous analyses have linked ratings on the
COACH to parent engagement and improvements in
parenting and child behavioral health outcomes
(Berkel, Mauricio, et al., 2021; Chiapa et al., 2015;
Smith et al., 2013). More importantly, they also signifi-
cantly predicted multiple theoretically important
domains of parent engagement in the program, includ-
ing in-session active participation, the number of
follow-up parenting sessions attended, ratings of home
practice competence, and parent motivation to make a
change. It should be noted that both models utilized dif-
ferent representations of the transcripts and are poten-
tially capturing information in different ways that
make one model better for predicting a given rating
over the other. A benefit of NLP models is that it is
quite feasible to use a combination of approaches that
result in the best outcome.

Limitations and Implications for Future
Research
We acknowledge a number of limitations in this study and
provide suggestions about future directions for research in
using NLP for implementation monitoring in evidence-
based practice. First, the sample size was relatively small
(n= 197 transcripts) compared to other NLP studies, and

Table 1
Concurrent Validity: Associations Between Machine Ratings and Observer Ratings of Delivery (Mean Squared Error)

Conceptually

accurate

Observant and

responsive

Actively

structures

Careful and appropriate

teaching

Hope and

motivation

Baseline 0.83 0.76 1.02 0.88 1.00

TF-IDF SVM 0.64 0.66 0.77 0.65 0.75

BERT LSTM 0.62 0.69 0.76 0.67 0.74

Note. All models reflect significant improvement over baseline; best-performing model for each outcome is bolded. TF-IDF SVM = Term Frequency-

Inverse Document Frequency; BERT LSTM = bidirectional encoder representations from transformers long- and short-term memory.

Table 2
Predictive Validity: Associations Between Machine Ratings and Participant Engagement Indicators (Mean Squared Error)

Observer ratings of

in-session active

participation

Number of follow-up

parenting sessions

attended

FCU4Health coordinator

ratings of home practice

competence

Parent-reported

motivation

Baseline 0.77 5.46 0.81 1.48

TF-IDF SVM 0.77 4.86 0.80 1.46

BERT LSTM 0.62 5.16 0.64 1.34

Note. All models reflect significant improvement over baseline; best-performing model for each outcome is bolded. TF-IDF SVM = Term Frequency-

Inverse Document Frequency; BERT LSTM = bidirectional encoder representations from transformers long- and short-term memory.
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there is a potential for results to be influenced by the spe-
cific context. In particular, it is important to consider the
demographic breakdown of the sample (68% Latino;
38% Spanish preference) and transcripts (59% Spanish;
41% English). Even with other populations with high
representation of Latinos and Spanish-speakers, dialects
differ greatly across locations of origin (e.g., by country,
rural vs. urban regions). These models should be replicated
in other regions with different populations and dialects.

It should also be noted that for this study, we made use
of human-created transcripts, rather than coding directly
from the audio recordings using machine transcription
methods. We attempted to use the audio directly and
encountered challenges related to external noise (e.g., air
conditioning) and multiple speakers (e.g., interruptions
from children or other family members), particularly
when sessions were conducted in families’ homes. These
challenges are more easily overcome by human transcrip-
tion than machine transcription. In a current trial,
FCU4Health sessions have moved entirely online to tele-
health delivery (via zoom) due to the COVID-19 pandemic
mitigation measures (Berkel, Smith, et al., 2020). We
expect that this will result in better audio quality than the
in-person meetings and facilitate coding directly from the
audio. It should be considered that limited access to inter-
net in rural areas could promote implementation inequities
with this type of approach. The transition to telehealth
during the COVID pandemic has shown a light on internet
access as a social determinant of health, and initiatives are
underway to increase access in rural communities across
the country.

Finally, this was the first phase in a process to develop
and test NLP methods for monitoring the implementation
of evidence-based parenting programs like the
FCU4Health. Several subsequent phases will be needed
before this method can be included as part of an implemen-
tation support package to promote scale-up. First, as noted
above, it will be critical to establish effective and feasible
methods of coding directly from audio, as human transcrip-
tion adds a substantial delay in providing feedback. We
expect to be able to achieve this given the transition to tele-
health delivery (noted above) and growing examples of
AI-based analysis and feedback for evidence-based prac-
tices. Co-authors, Atkins and Narayanan, have developed
Lyssn as a commercial platform (https://www.lyssn.io/),
which grew out of their program of research for the assess-
ment of MI skills in substance use therapy (Lyon et al.,
2019). Issues of privacy and storage are also especially
important in the primary care context. An external plat-
form, like Lyssn’s, with data sharing agreements in
place, is probably the most feasible approach, given the
large size of videos and the limited space within elec-
tronic health records. Moreover, privacy concerns are
reduced through computer-based ratings. Second, ana-
lyses to establish thresholds for high vs. low delivery
are needed to provide feedback to providers about areas

for improvement. Third, it will be important to test the
potential acceptability and effectiveness of NLP-based
feedback on program delivery on improvement or sus-
tainment of high-quality implementation over time.
Program facilitators in our previous work reported less
performance anxiety about computer-based ratings
of their delivery compared to supervisor ratings
(Berkel et al., 2019). Improvement in delivery would
only be expected to the extent that the system provided
actionable information that was trusted by program
implementers.

Once NLP methods are established and widely access-
ible, they can be used to assess fidelity, in situ adaptations,
quality and cultural competence, and participant respon-
siveness at scale—to test, for example, the effectiveness
of training and supervision models or compare implemen-
tation across cultural contexts. They can also facilitate
in-depth questions about the nature of program delivery
that were previously only available via highly intensive
micro-coding studies, such as indicators of participant
engagement and adherence to care, how program imple-
menters address participant resistance, what is the role of
emotion in program delivery (e.g., Berkel et al., 2013;
Gallo et al., 2021; Gallo et al., under review).

Conclusions
Although it is well established that evidence-based parent-
ing programs preempt the onset and escalation of child
behavioral health problems (Ladis et al., 2018; Leijten
et al., 2019; O’Connell et al., 2009; van Mourik et al.,
2017), the lack of feasible and effective methods for mon-
itoring the delivery and provide feedback in regular service
settings may result in limited public health impact once
taken to scale (Schoenwald et al., 2011). This study was
one of the first to evaluate NLP methods for monitoring
the delivery of an evidence-based parenting program.
Results demonstrated support for the concurrent and pre-
dictive validity of two commonly used NLP methods
(TF-IDF and BERT), establishing their potential for use
in supporting the high-quality delivery of evidence-based
parenting programs in primary care and other service deliv-
ery settings. Future research is needed to evaluate feasibil-
ity, acceptability, and effectiveness of NLP methods;
however, the clinical and research potential of NLP in
implementation research seems almost limitless.
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