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Abstract

Background: Escalating mental health demand exceeds existing clinical capacity, necessitating scalable digital solutions.
However, engagement remains challenging. Conversational agents can enhance engagement by making digital programs more
interactive and personalized, but they have not been widely adopted. This study evaluated a digital program for anxiety in
comparison to external comparators. The program used an artificial intelligence (AI)–driven conversational agent to deliver
clinician-written content via machine learning, with clinician oversight and user support.

Objective: This study aims to evaluate the engagement, effectiveness, and safety of this structured, evidence-based digital
program with human support for mild, moderate, and severe generalized anxiety. Statistical analyses sought to determine whether
the program reduced anxiety more than a propensity-matched waiting control and was statistically noninferior to real-world,
propensity-matched face-to-face and typed cognitive behavioral therapy (CBT).

Methods: Prospective participants (N=299) were recruited from the National Health Service (NHS) or social media in the
United Kingdom and given access to the digital program for up to 9 weeks (study conducted from October 2023 to May 2024).
End points were collected before, during, and after the digital program, as well as at a 1-month follow-up. External comparator
groups were created through propensity matching of the digital program sample with NHS Talking Therapies (NHS TT) data
from ieso Digital Health (typed CBT) and Dorset HealthCare (DHC) University NHS Foundation Trust (face-to-face CBT).
Superiority and noninferiority analyses were conducted to compare anxiety symptom reduction (change on the 7-item Generalized
Anxiety Disorder Scale [GAD-7]) between the digital program group and the external comparator groups. The program included
human support, and clinician time spent per participant was calculated.

Results: Participants used the program for a median of 6 hours over 53 days, with 232 of the 299 (77.6%) engaged (ie, completing
a median of 2 hours over 14 days). There was a large, clinically meaningful reduction in anxiety symptoms for the digital program
group (per-protocol [PP; n=169]: mean GAD-7 change –7.4, d=1.6; intention-to-treat [ITT; n= 99]: mean GAD-7 change –5.4,
d=1.1). The PP effect was statistically superior to the waiting control (d=1.3) and noninferior to the face-to-face CBT group
(P<.001) and the typed CBT group (P<.001). Similarly, for the ITT sample, the digital program showed superiority to waiting
control (d=0.8) and noninferiority to face-to-face CBT (P=.002), with noninferiority to typed CBT approaching significance
(P=.06). Effects were sustained at the 1-month follow-up. Clinicians overseeing the digital program spent a mean of 1.6 hours
(range 31-200 minutes) of clinician time in sessions per participant.
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Conclusions: By combining AI and human support, the digital program achieved clinical outcomes comparable to human-delivered
care, while significantly reducing the required clinician time by up to 8 times compared with global care estimates. These findings
highlight the potential of technology to scale evidence-based mental health care, address unmet needs, and ultimately impact
quality of life and reduce the economic burden globally.

Trial Registration: ISRCTN Registry ISRCTN52546704; http://www.isrctn.com/ISRCTN52546704

(J Med Internet Res 2025;27:e69351) doi: 10.2196/69351
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Introduction

Mental health conditions are one of the economic and health
care challenges of our time. Globally, 1 in 8 people live with a
mental health condition [1], yet only 1 in 4 who require
treatment receive it [2]. Advances in technology and widespread
internet access have been pivotal in increasing access to
high-quality mental health care. However, one-to-one mental
health care is inherently limited in its ability to meet the rising
mental health demand, and there remains a significant shortage
of therapists: there are only 4 psychiatrists per 100,000 people
globally [3], and 58% of the US population live within a health
workforce shortage area [4]. Technology is primed to enable
massive scaling of mental health interventions to increase both
access and quality of support worldwide [5].

Rapid advances in technology, computing, and artificial
intelligence (AI) in recent years have led to a rise in the
development of digital interventions aiming to solve this
scalability problem, and there are an estimated 10,000-20,000
smartphone apps available for mental health support [6,7]. These
solutions have the potential to enable timely access to support
when needed, negate the logistical challenges of attending
regular appointments, offer greater patient choice, and reduce
the burden on therapists and health care services [8]. However,
real-world usage of many digital mental health solutions—most
of which are self-led—has been poor [9-11]. Despite a reported
willingness of patients to adopt smartphone apps [12], 1-month
retention rates are typically under 6% [13]. AI-powered
conversational agents improve engagement with digital mental
health interventions by providing a more interactive and
personalized experience compared with self-guided activities
[14]. Currently, most solutions with conversational agents—that
make up reportedly around 5% of digital mental health apps
[15]—rely on tree-based dialogue systems with templated
responses and are yet to adopt the latest in generative AI
technology. This is driven by the lag between technological
advancements and clinical research, along with concerns about
patient safety regarding the unpredictable nature of large
language model–generated output. Despite this, meta-analytic
evidence indicates that having an automated, interactive dialogue
system, even if rule-based, can help reduce attrition rates [16]
and show promising efficacy [15,17,18]. Moreover, a recent
meta-analysis of mental health apps for symptoms of anxiety
and depression found a small pooled clinical effect size (g=0.26)
and highlighted that only 48% delivered content based on
cognitive behavioral therapy (CBT) principles [15], a
“gold-standard” evidence-based approach for anxiety and

depression [19]. Improving access is crucial, but equally vital
is ensuring the support available to patients is engaging and
effective.

NHS Talking Therapies (NHS TT; formerly Improving Access
to Psychological Therapies) is a world-leading initiative
designed to increase access to and improve the delivery of
mental health treatment in the United Kingdom. Fundamental
to the success of NHS TT is systematic outcomes monitoring,
use of evidence-based treatment protocols, and an appropriately
trained and supervised workforce [20]. The acceleration of
telehealth and expansion of care delivery through digital
platforms (eg, typed conversations) have also enabled insights
into the relationship between the active components of
evidence-based treatments and clinical outcomes [21,22].
Combining this approach with the scalable, systematic delivery
of evidence-based protocols through digital tools offers the
opportunity to reduce heterogeneity across the provision of
mental health care worldwide, and accelerate large-scale
scientific research to further enhance treatment quality and
personalization [23]. High-quality, accessible digital mental
health care has the potential to maximize impact globally by
both improving patient quality of life and reducing the growing
economic burden of mental health on health systems and society
[24,25].

In this study, we evaluated a digital program that uses this
approach to alleviate mild, moderate, and severe symptoms of
generalized anxiety in adults. The program was designed to
maximize engagement and effectiveness using (1) a structured
evidence-based program drawing on principles from traditional
CBT [26] including third-wave approaches, that is, acceptance
and commitment therapy (ACT) [27], and (2) an AI-powered
conversational agent to deliver prewritten, clinician-crafted
content in a personalized way through an interactive tree-based
dialogue system. The system uses advanced natural
understanding models to process the natural language input by
users. In addition, a dedicated human clinical and user support
service was designed to wrap around the digital program,
following previous research that human support significantly
improves engagement with digital interventions [12,28]. This
service was developed to provide appropriate support while
maintaining the scalability of the digital solution.

This study aimed to measure the engagement, clinical
effectiveness, acceptability, and safety of this digital program
with human support. Evidence of the effectiveness of a digital
intervention is often established through the comparison between
the intervention and a waitlist control or self-led nondigital
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treatment only. However, if digital programs are to provide a
scalable solution to global mental health needs, we should expect
them to provide comparable effectiveness to current standards
of care. In this pragmatic, prospective single-intervention arm
study, we compared the digital program against
propensity-matched external control data from 3 groups of
real-world NHS patients: (1) a waiting control with no
intervention; (2) patients receiving human-delivered face-to-face
CBT; and (3) patients receiving human-delivered typed CBT.
While one-to-one face-to-face therapy serves as the gold
standard for comparison, one-to-one typed therapy provides a
more analogous comparison to the digital program under
evaluation where content is predominantly delivered through
written communication with the conversational agent. This
study design allowed us to evaluate the comparative clinical
effectiveness of the digital program to human-delivered standard
care relevant for real-world implementation.

Methods

Study Design
This was a pragmatic, single-intervention arm study with
multiple external control groups to measure the engagement,
clinical effectiveness, acceptability, and safety of a digital
program to alleviate symptoms of generalized anxiety in a
sample of 300 UK participants. This study was conducted by
ieso Digital Health (“ieso” [29]), an outpatient service provider
within NHS TT delivering one-to-one human-delivered CBT
via a typed modality to treat patients with common mental health
disorders. The digital program evaluated here (ie, IDH-DP2-001)

was developed by ieso as part of a clinical innovation program
creating new scalable digital solutions for mental health support.
This was an externally controlled trial, meaning comparator
arms (sometimes referred to as synthetic control arms) were
generated through one-to-one propensity matching of
participants with real-world patients. External
propensity-matched control groups were generated to evaluate
the digital program in comparison to no intervention (ie, waiting
control), face-to-face CBT (gold-standard benchmark), and
typed CBT. This latter group provides an important comparator
as it is an example of human-delivered care that closely mirrors
the written content delivery within the digital program.

The digital program was delivered via a smartphone app (iPhone
and Android). Following an initial clinical assessment with a
qualified clinician, eligible participants downloaded the software
on their personal smartphone and completed the program in
their own time and according to a defined schedule. Participants
were required to complete the 6-module program within 9
weeks.

At the point of consent, all participants were asked if they were
willing to participate in interviews with additional compensation
offered. The subsample (based on first-come-first-served sign-up
for available interview slots) attended a semistructured interview
before and after the intervention to gather qualitative insights
into the experience, acceptability, and perceived safety of the
digital program. Findings on the acceptability of the digital
program from a detailed qualitative analysis of these interviews
are reported in a separate publication [30]. The trial design and
participant CONSORT (Consolidated Standards of Reporting
Trials) flowchart [31] are summarized in Figure 1.
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Figure 1. Enrollment pathways differed for external recruits (left) and patients referred to ieso for typed therapy (right), either through NHS providers
or self-referral. External recruits enrolled specifically for the study via a web page, accessed through social media or email advertisements. All potential
participants, regardless of recruitment source, were screened using a Self-Assessment Questionnaire (SAQ). Only patients deemed potentially eligible
were invited to participate. Participants were withdrawn for various reasons: actively (upon request), passively (dropout or disengagement), clinician-led
(based on clinical judgment), or other (eg, technical issues). GAD-7: 7-item Generalized Anxiety Disorder Scale; TAU: treatment as usual.

Study End Points and Data Capture
Anxiety and mood symptoms were measured before and after
using the digital program, as well as at the beginning of each
module within the program (a maximum of 6 symptom
check-ins) using the 7-item Generalized Anxiety Disorder Scale

(GAD-7) [32] and the 9-item Patient Health Questionnaire
(PHQ-9) [33]. The Work and Social Adjustment Scale (WSAS)
[34] and the Inflexibility Scale (30 items) of the
Multidimensional Psychological Flexibility Inventory (MPFI)
[35] were collected before the intervention, at the program
midpoint, and after the intervention, as measures of functioning
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and psychological inflexibility, respectively. The following
validated self-report measures were collected only at the
postintervention point: the User Engagement Scale (UES) [36],
the System Usability Scale (SUS) [37], and the Service-User
Technology Acceptability Questionnaire (SUTAQ) [38]. A
qualitative feedback survey was also administered after the
intervention and at the 1-month follow-up. Demographic data
were collected at enrollment and are summarized in Table 1.
Findings from the SUS, UES, SUTAQ, MPFI, and feedback
surveys and qualitative data from pre- and postintervention
semistructured interviews are reported in a separate publication.
The safety end points were serious adverse events, software
deficiencies, and number of cases withdrawn based on the
clinician assessment of suitability to continue with the program.
Software deficiencies included malfunctions or errors of the
software that could result in issues related to safety or software

performance. Serious adverse events were defined as any
adverse event that led to death or serious deterioration in a
participant’s health.

The GAD-7 (screening only), PHQ-9 (screening only), WSAS,
MPFI, SUS, SUTAQ, and demographic data were collected via
ieso’s secure care delivery platform used to routinely collect
patient outcomes for NHS TT. Clinical outcomes and
demographic data for all control participants were also collected
using this platform. GAD-7 and PHQ-9 check-ins throughout
the program were collected using validated software within the
smartphone app. Qualitative feedback and the UES were
collected via Qualtrics (SAP SE). The safety end points were
manually logged by research coordinators and clinicians
following participant contact where events were reported (eg,
phone calls, clinical reviews, and emails).
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Table 1. Sample characteristics of the digital program group for both ITTa and PPb samples.

PP (n=169)ITT (n=299)Demographic and category

41.7 (11.8)39.8 (12.8)Age (years), mean (SD)

12.4 (3.4)12.5 (3.3)Baseline GAD-7c, mean (SD)

8.0 (3.8)8.0 (3.7)Baseline PHQ-9d, mean (SD)

Gender, n (%)

137 (81.1)240 (80.3)Female

26 (15.4)46 (15.4)Male

2 (1.2)4 (1.3)Other

4 (2.4)9 (3.0)Not known

Ethnicity, n (%)

155 (91.7)266 (89.0)White

2 (1.2)5 (1.7)Mixed

6 (3.6)14 (4.7)Asian

1 (0.6)3 (1.0)Black/African/Caribbean/Black British

1 (0.6)2 (0.7)Other

4 (2.4)9 (3.0)Prefer not to say

Highest qualification, n (%)

65 (38.5)103 (34.4)Postgraduate degree-level qualification

59 (34.9)100 (33.4)Degree-level qualification

41 (24.3)84 (28.1)Qualifications below degree level

1 (0.6)2 (0.7)No formal qualifications

2 (1.2)7 (2.3)Do not know

0 (0)1 (0.3)Other

1 (0.6)2 (0.7)Prefer not to say

Disability, n (%)

33 (19.5)56 (18.7)Disability

132 (78.1)232 (77.6)No perceived disability

4 (2.4)11 (3.7)Prefer not to say

Chronic health condition, n (%)

70 (41.4)114 (38.1)Yes

91 (53.8)167 (55.9)No

8 (4.7)18 (6.0)Not known

Religion, n (%)

104 (61.5)187 (62.5)No religion

45 (26.6)71 (23.7)Christian

1 (0.6)1 (0.3)Buddhist

3 (1.8)5 (1.7)Hindu

1 (0.6)3 (1.0)Jewish

0 (0)5 (1.7)Muslim

1 (0.6)1 (0.3)Sikh

7 (4.1)11 (3.7)Other

7 (4.1)15 (5.0)Prefer not to say
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PP (n=169)ITT (n=299)Demographic and category

Sexual orientation, n (%)

132 (78.1)237 (79.3)Heterosexual

5 (3.0)7 (2.3)Gay/lesbian

22 (13.0)32 (10.7)Bisexual

2 (1.2)7 (2.3)Other sexual orientations not listed

4 (2.4)11 (3.7)Do not know

4 (2.4)5 (1.7)Prefer not to say

Employment status, n (%)

144 (85.2)241 (80.6)Employed

2 (1.2)7 (2.3)Unemployed and actively seeking work

19 (11.2)39 (13.0)Not working and not actively seeking work

4 (2.4)12 (4.0)Prefer not to say

Medication status, n (%)

65 (38.5)106 (35.5)Taking

104 (61.5)193 (64.5)Not taking

aITT: intention to treat.
bPP: per protocol.
cGAD-7: 7-item Generalized Anxiety Disorder Scale.
dPHQ-9: 9-item Patient Health Questionnaire.

Description of the Digital Program
The digital program (‘ieso Digital Program’; software name:
IDH-DP2-001) consisted of 6 modules that used a conversational
agent to guide participants through a predefined set of activities
with human clinical oversight and user support. The program
was intended as a first-line intervention for people primarily
presenting with anxiety symptoms. The program was designed
based on cognitive behavioral principles from traditional CBT
and third-wave approaches, such as ACT [39,40] (see Table S1
in Multimedia Appendix 1 for module details). All of the
cognitive and behavioral processes, analogies, and examples
within the program were selected for their specificity in targeting
symptoms of generalized anxiety.

The 6 modules consisted of an introduction module, 3 core
modules, and 2 consolidation modules. The 3 core modules
each consisted of 3 sessions that followed the pattern of (1)
learning, (2) activity, and (3) practice. The 2 consolidation
modules consisted of 2 sessions. There were 16 sessions total.
The introduction and consolidation modules consisted of
sessions designed for onboarding and learning consolidation,
respectively. All modules began with a symptom “check-in”
consisting of the GAD-7 and PHQ-9 within the software
immediately before the first session within that module. Sessions

were made available on a timed schedule subject to completing
the prior session.

Within each session, the software used a conversational agent
to guide participants through a combination of videos,
educational content, conversations, and worksheets written by
accredited clinicians. The software used AI models for natural
language understanding, specific and tailored elements of natural
language generation, and a dialogue management system.
Interactions consisted primarily of text-based conversations
within a tree-based dialogue system where natural language
processing was used to deliver appropriate clinician-prewritten
responses with controlled use of natural language generation in
specific instances to enhance engagement. Partway through
enrollment, with agreement from the overseeing NHS Research
Ethics Committee, the software was updated to fix bugs,
improve the user experience within the introductory module,
and update select AI models. The final 60 participants enrolled
were offered the updated software. The software version was
controlled for in statistical analyses. The digital program was
built in accordance with ISO 13485 [41]. Before the study, the
program was registered as a UK Conformity Assessed (UKCA)
marked class 1 medical device. Visuals of screens within the
software are shown in Figure 2 to provide insight into the user
interface that participants experienced.
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Figure 2. Screenshots of the ieso Digital Program user interface.

Human Support and Clinical Oversight
To ensure participant safety and maximize engagement and
acceptability of the program, a dedicated human user and clinical
support service was provided. Before enrollment, as part of the
screening process, all participants received a standardized
clinical assessment by a trained clinician with an accredited
postgraduate qualification via typed modality. The clinician
assessed the individual’s needs, determined if they were eligible
for the study, and obtained informed consent. Research
coordinators provided fortnightly check-in calls to all
participants throughout the program and sent weekly emails or
SMS text messages to remind them only if they deviated from

the program schedule. The risk could be flagged through
symptom monitoring of GAD-7 and PHQ-9 scores or through
interaction with the research coordinators during check-in calls
or ad hoc communication. The flagged risk was escalated to a
clinician for review. Where appropriate, the participant would
then be contacted for further risk assessment by a clinician to
ensure their safety. Participants could also request an
appointment with a clinician at any point to discuss their
journey, particularly if they were unsure the program was
working for them. At the end of the study, all participants were
offered a further discharge appointment with a study clinician
to discuss the next steps for their care. The support service and
study procedures are illustrated in Figure 3.

Figure 3. Schematic of the ieso Digital Program with human clinical and user support service and study procedures. All participants received a clinical
assessment before enrollment and were offered a discharge appointment with a clinician following the program. Clinicians were available via asynchronous
messaging or for a review appointment whenever needed. All participants received email or SMS text message reminders and fortnightly check-in calls
throughout the program to maximize engagement delivered via the research team. The ieso Digital Program included 6 modules with a total of 16
sessions. Each module started with a symptom check-in consisting of the 7-item Generalized Anxiety Disorder Scale and 9-item Patient Health
Questionnaire.
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Participants
Adults with mild to severe symptoms of anxiety and a main
presentation of generalized anxiety disorder (GAD) were eligible
to take part. Individuals were invited to participate either
following referral to ieso’s typed therapy service (either referred
to ieso from the NHS Provider or via self-referral direct to ieso)
or in response to online advertisements or email invitation
through the NIHR (National Institute for Health Research)
BioResource for Translational Research [42]. All potentially
eligible individuals were assessed by a clinician in line with
standardized procedures in the NHS TT manual [20] and
clinicians identified a main problem descriptor with an
associated International Classification of Diseases, 10th Revision
(ICD-10) code [43]. Only those with a main problem descriptor
of GAD were eligible. The program was not designed for
individuals with a primary presenting problem of depression,
and therefore, participants with a PHQ-9 score ≥16 indicative
of moderate to severe symptoms of depression were signposted
elsewhere for more appropriate support.

During the assessment, clinicians ensured all participants met
the following eligibility criteria: (1) over the age of 18 years at
the point of recruitment; (2) GAD-7 total score >7; (3) PHQ-9
total score <16; (4) primary presenting problem of GAD (based
on the ICD-10 code in line with the NHS TT manual); (5) access
to a smartphone and internet connection; (6) registered with a
general practitioner in the United Kingdom; (7) not currently
receiving psychological therapy; (8) suitable for CBT (excludes
individuals with diagnosis of multiple disorders, psychotic or
personality disorder, autism spectrum condition, or intellectual
disability); (9) no diagnosis of an untreated mental health
condition including substance misuse (except GAD or major
depressive disorder); (10) did not have posttraumatic stress
disorder, obsessive-compulsive disorder, or panic disorder; (11)
did not have a change in psychiatric medication in the past 1
month; and (12) did not display significant risk of harm to self,
to others, or from others (as established with the clinical
assessment).

Any individuals who had previously participated in user research
for the digital program were excluded. Participants were
recruited between October 10, 2023, and February 2, 2024.

Sample Size
Previous studies have reported attrition rates of up to 70% when
measuring engagement and adherence in mental health digital
programs [44-46]; therefore, we aimed to enroll 300 participants
with the expectation of a 40%-70% attrition rate, resulting in a
final sample of 90-180 participants. A noninferiority power
analysis was conducted before the retrospective analysis of
external control data to estimate the total sample size needed
to quantify clinical effectiveness (ie, change in GAD-7 total
score) compared with an active external control. Clinical
effectiveness was defined as a change in GAD-7 score over
either the course of 6 treatment sessions or until recovery was
reached (if sooner than 6 sessions). A noninferiority margin of
a 1.8 change in GAD-7 total score was chosen based on previous
literature [47-49] (see Methods S1 in Multimedia Appendix 1
for more details). Using data from 1489 patients being treated
for GAD via typed CBT, with a minimum of 6 sessions or

recovery, we estimated an expected SD of GAD-7 change of
5.14. To estimate a sample size, we used the following equation
(see [50]):

where Zα and Zβ are the standard normal scores for the 1-sided
significance level of 2.5% (Zα=1.96) and power of 90%
(Zβ=1.28), respectively; δ is the noninferiority level 1.8 and σ
is the SD (5.14). A sample size of 172 was estimated for the
digital program to enable a noninferiority analysis of clinical
effectiveness compared with human-delivered care.

Patient-Public Involvement
At ieso, experts-by-lived experience are involved in research
and development work as members of a patient-public
involvement (PPI) panel and as partners advising on ongoing
work. For this study, all participant-facing documents were
reviewed by members of the PPI panel. In addition, focus groups
with members of the PPI panel during study conceptualization
aimed to understand participant needs and expectations in the
context of “keeping safe” while using the digital program, and
helped develop recruitment marketing campaigns.

External Comparator Data Source for
Propensity-Matched Control Groups
External comparator data were taken from 2 NHS TT service
providers: (1) ieso typed therapy data where a patient receives
CBT through one-to-one communication with a qualified
therapist using real-time text-based messaging and (2) Dorset
HealthCare (DHC) University NHS Foundation Trust delivering
face-to-face routine therapy appointments. The information
captured through the data set of NHS TT is intended to support
the monitoring of the implementation and effectiveness of
national policy and legislation, policy development, performance
analysis and benchmarking, national analysis and statistics, and
national audit of NHS TT services. At registration, patients
agree to the services’ terms and conditions, including the use
of deidentified data for research and audit purposes, such as
academic publications or conference presentations. External
control data were obtained from patients referred to (1) ieso’s
typed therapy service between January 2022 and December
2023, and (2) DHC between January 2017 and December 2021.

All control patients were propensity matched to enrolled
participants in the digital program group based on key predictors
of treatment outcomes: baseline GAD-7 scores, baseline PHQ-9
scores, age, and the presence of a chronic physical health
condition (yes/no/not known) [51]. Propensity matching was
conducted using the MatchIT package [52] in R (R Foundation)
with the “nearest neighbor” methodology (average treatment
effect in treated patients), matching for propensity score on a
one-to-one ratio. Comparator groups showed high similarity
with the digital program sample (see Table S2 in Multimedia
Appendix 1). All propensity-matched control patients had a
main presentation of GAD as established through the same
standardized clinician assessment as the prospective participants
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(in line with the NHS TT manual). Treatment status and duration
were matched as closely as possible and defined differently for
the per-protocol (PP) and intention-to-treat (ITT) samples
outlined under the “Statistical Comparison to
Propensity-Matched Control Groups” section.

Statistical Methods

Overview
Analyses were conducted in R [53]. A statistical analysis plan
was defined before the final analyses.

Per-Protocol Versus Intention-to-Treat samples
The PP sample (n=169) was defined as participants who
completed the minimum meaningful clinical dose (MMCD) of
the program and the final postintervention GAD-7 and PHQ-9
questionnaires. This dose was defined a priori by 3 accredited
cognitive behavioral therapists who evaluated the content of
the program to determine the amount of content required to
deliver meaningful clinical improvement on the GAD-7 scale
based on their clinical experience (mean experience of 14 years
delivering psychological therapy). Based on this evaluation, the
MMCD was defined as completing modules 1-3 in the digital
program and the module 4 check-in.

The ITT sample (n=299) included all participants who
completed questionnaires at enrollment irrespective of adherence
to the digital program except for 1 participant who requested
that their data be deleted. Because of missing data for the
preintervention WSAS, the ITT sample count for all WSAS
analyses was 295.

Engagement and Adherence Analyses
Metrics of adherence were primarily assessed with descriptive
statistics of in-software usage metrics: median and distribution
of time spent in the digital program in hours; days since
initialization of the program (defined based on the date that the
software was downloaded); and the proportion of participants
completing each session, module, and check-in. Each symptom
check-in was given in the software at the start of each module.
An “engaged” patient is defined as an individual who has
received the minimum amount of therapy such that pre- and
posttreatment measures can be collected, and clinical outcomes
estimated [20]. Here we used a comparable definition of
engagement based on usage of the program (including time in
the program, content delivered, and number of outcomes
measured), defined as completing session 1 of module 2 in the
program. This is in contrast to the MMCD definition which is
defined based on both usage and expected improvement in
symptoms.

Effectiveness Analyses
Clinical effectiveness was quantified by calculating the change
in anxiety symptoms, measured using the GAD-7, from baseline
to final score, and estimating a within-participant effect size
(Cohen d). A negative mean change denotes a reduction in
GAD-7 total scores. Absolute Cohen d values are presented.
The threshold for a clinically meaningful reduction in symptoms
was defined as a change greater than the reliable change index
of the GAD-7 scale (minimum of a 4-point reduction) [54]. A
within-participant effect size for the mean change in GAD-7

scores from postintervention to 1-month follow-up was
calculated to determine the short-term durability of any effects
of the digital program. We also measured effectiveness by
calculating the change in the PHQ-9 and WSAS scores between
baseline and final scores, as well as between comparator groups.
For the ITT sample, when calculating GAD-7 and PHQ-9
effectiveness, missing postintervention scores were imputed
using the last observation carried forward method, such that the
final score collected before disengagement or withdrawal was
used.

Clinical outcomes were calculated using the following
definitions: (1) improvement was defined as a reduction on the
PHQ-9 or GAD-7 scales greater than or equal to the reliable
change index (≥4 for the GAD-7 and ≥6 for the PHQ-9) and no
reliable increase on either measure; (2) recovery was defined
as a reduction on both scales to below the clinical cut-off
(GAD-7 score <8 and PHQ-9 score <10); (3) reliable recovery
was defined as having both improved and recovered; (4)
responder rate was defined as an improvement of either ≥4 on
the GAD-7 or ≥6 on the PHQ-9; and (5) remission rate was
defined as having either a final GAD-7 score <8 or a final
PHQ-9 score <10 for those only having started above the clinical
cut-off. Definitions for improvement, recovery, and reliable
recovery are equivalent to those used in NHS TT [55]. Binary
clinical outcomes were compared across groups using chi-square
tests. Bonferroni correction was used to account for multiple
comparisons across related outcome metrics.

Regression Models Predicting Adherence and
Effectiveness
To determine whether any demographic or study variables were
associated with adherence or effectiveness, a series of regression
analyses were conducted. All regression models included age,
gender, highest qualification, employment status, religion,
presence of a chronic physical health condition, ethnicity,
reported disability, sexuality, baseline GAD-7 severity, software
version, and enrollment path (referred to ieso’s typed therapy
service or externally recruited) as predictors. Linear regression
models were used to predict continuous dependent variables:
(1) the number of sessions completed and (2) the change in
GAD-7 score from baseline to final. A logistic regression model
was used to predict nonadherence (ie, participants who did not
complete the necessary program sessions or study assessments
to be in the PP sample, with nonadherence coded as 1). Because
of unequal sample sizes within demographic subcategories (eg,
sexuality), groups were truncated to aid in the interpretability
of findings and power of analyses.

Adherence was defined as the proportion of participants who
completed each GAD-7 assessment (session) throughout their
journey. For the ieso Digital Program group, each symptom
check-in was at the beginning of each module within the
program software (a total of 6 instances in the program). For
the therapy control groups, patients completed each GAD-7
assessment as part of each attended treatment session (either
face-to-face or typed) up to 6 treatment sessions. Within NHS
TT, every attended treatment session includes a GAD-7
assessment. Sessions were aligned such that each symptom
check-in within the digital program was associated with a
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treatment session for the control group. To determine whether
adherence across sessions differed between groups, a generalized
linear model was used to test for a session-by-group interaction.

Statistical Comparison to Propensity-Matched Control
Groups
Three propensity-matched external control groups were created
using real-world historic patient data (see the “External
Comparator Data Source for Propensity-Matched Control
Groups” section) to compare the clinical effectiveness of the
digital program with no digital program and standard of care.
For the waitlist control, only participants in the PP sample were
matched (n=169) due to limited available data for matching.
For the human-delivered therapy control groups, all participants
were matched (n=299).

The control groups consisted of the following:

• Waiting controls (total available sample n=576): patients
referred for typed CBT with 2 GAD-7 scores between 4
and 10 weeks apart without having started treatment during
that time (same sample used for PP and ITT analyses).

• Therapist-delivered typed CBT (total available sample
n=2210): patients referred for typed CBT with at least 2
scores on the GAD-7, who had completed a course of typed
CBT—defined by the discharge code of “completed
treatment”—and discharged with a maximum of 12
treatment sessions (PP sample), or any patient who had
entered treatment, regardless of completion (ITT sample).

• Therapist-delivered face-to-face CBT (total available
sample n=753): NHS TT patients referred to DHC who
received face-to-face CBT and had a minimum of 2 and a
maximum of 12 treatment sessions (PP sample), or any
patient who attended treatment (ITT sample). Unlike the
typed CBT comparator, due to the unavailability of
discharge codes, it was not possible to use the “completed
treatment” to define the PP sample for this group.

In line with the a priori–defined statistical analysis plan, a
superiority analysis was conducted to test the hypothesis that
the clinical effectiveness of the digital program was greater than
a propensity-matched waiting control group using a
between-participant t test (unpaired and 2-tailed). A significant
P value (<.05) rejects the null hypothesis that there is no
difference between the groups. A noninferiority analysis was
conducted to test the hypothesis that the clinical effectiveness
of the digital program was noninferior to the effectiveness of
typed CBT or face-to-face CBT in comparison to the waiting
list. The noninferiority hypothesis was that the upper confidence
limit of the mean difference between groups was within the
predefined noninferiority margin (<1.8). A significant P value
(<.05) indicates the groups are noninferior. Within- and
between-participant effect sizes were also estimated for the
change in total score on the PHQ-9 and the WSAS to estimate
the effectiveness of the digital program on low mood and work
and social functioning relative to the waiting control.

Ethical Considerations
The study was preregistered (ISRCTN ID: 52546704) and
obtained ethical approval before recruitment (IRAS ID: 327897,
NHS Research Ethics Committee: West of Scotland REC 4).

In line with the Declaration of Helsinki, all prospective
participants provided signed informed consent and were
debriefed following the study. This study was conducted in
accordance with Good Clinical Practice (GCP) principles.
Participants were compensated for their time up to a total of
£60 (US $77) in the form of vouchers based on study
assessments and completion of modules within the digital
program. For a subsample that participated in additional
interviews, an additional £15 (US $19) voucher per
semistructured interview was provided. Data from this
subsample are in a separate publication.

All study data were stored in a secure environment with
restricted access, and extensive quality control was conducted
to ensure data integrity. ieso follows nationally and
internationally recognized standards for information security
(Cyber Essentials Plus, ISO 27001, and 10 National Data
Guardian standards self-certified via the NHS Data Security
and Protection Toolkit). All ieso study staff comply with the
requirements of the UK General Data Protection Regulation
(GDPR), Data Protection Act 2018, and ieso Policy with regard
to the collection, storage, processing, and disclosure of personal
information and will uphold the Act’s core principles.

External comparator data were taken from NHS TT service
providers. The information captured through the data set of
NHS TT is intended to support the monitoring of the
implementation and effectiveness of national policy and
legislation, policy development, performance analysis and
benchmarking, national analysis and statistics, and national
audit of NHS TT services. At registration, patients agree to the
services’ terms and conditions, including the use of deidentified
data for research and audit purposes, and academic publications
or conference presentations. All NHS outcomes data were
anonymized before analysis.

Results

Final Sample Demographics
The final sample for analysis included 299 participants of whom
240 (80.3%) were female with a mean age at baseline of 39.8
(range 18-75) years. Table 1 provides an overview of
demographics and baseline symptom severity for participants
in the digital program group for both the ITT and PP samples.

Engagement and Adherence
Among the total participants, 232 (77.6%) were engaged in the
program (ie, completed session 1 of module 2), involving a
median of 2 hours interacting with the program content over 14
days. Of these engaged participants, 180 (77.6%) reached the
MMCD (ie, completing up to check-in 4 out of 6 in the
program). In the PP sample, participants completed a median
of 8.7 hours over 59.6 days, and in the ITT sample, participants
completed a median of 6.1 hours of program interaction over
53.1 days. The overall study attrition rate (defined as the
proportion of participants who did not complete the final study
questionnaires) was 96 out of 299 (32.1%). Descriptive statistics
of engagement with the program are outlined in Tables 2 and
3.
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To determine if adherence across sessions differed between
groups, adherence rates were compared using a session-by-group
interaction. There was a significant effect of session number
(b=–10.9, SE 1.7, t891=–6.4, P<.001), but no significant

session-by-group interaction for face-to-face therapy (P=.18)
or typed therapy (P=.76), indicating no difference in adherence
rates across groups (Figure 4; model output in Table S3 in
Multimedia Appendix 1).

Table 2. Engagement metrics for the digital program by sample.

Median time interacting in the pro-
gram (hours)

Median time since initialization
(days)

nMetrics

2.014.0232Engaged sample (up to module 2 session1)

8.759.6169Per-protocol sample (up to module 4 check-in)

6.153.1299Intention-to-treat sample

Table 3. Engagement metrics for the digital program by symptom check-in in the app.

Median time interacting in the pro-
gram (hours)

Median time since initialization
(days)

nMetric

0.030.0284Module 1 check-in

1.513.6240Module 2 check-in

2.723.9209Module 3 check-in

3.835.0180Module 4 check-in

5.042.9138Module 5 check-in

5.449.5113Module 6 check-in

Figure 4. Adherence with program progression overlaid with adherence across therapy sessions for the control groups. For each group, adherence was
defined based on the proportion of participants who completed each 7-item Generalized Anxiety Disorder Scale (GAD-7) assessment (symptom check)
throughout their journey. The baseline was 100%, that is, all participants/patients attended a clinical assessment and had a baseline GAD-7 score. For
the ieso Digital Program group, each symptom check-in was at the beginning of each module within the program software (a total of 6 instances in the
program). To complete each symptom check-in within the program, participants had to finish the previous module. For the therapy control groups,
patients completed each GAD-7 assessment as part of each attended treatment session (either face-to-face or typed) up to 6 treatment sessions. Within
NHS Talking Therapies, every attended treatment session includes a GAD-7 assessment. Adherence rates across sessions were not significantly different
between groups (see Table S3 in Multimedia Appendix 1). CBT: cognitive behavioral therapy.
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Effectiveness

Anxiety Symptoms
For the PP sample, there was a clinically meaningful reduction
in anxiety symptoms from baseline to final score in the digital
program group (mean GAD-7 change –7.4, 95% CI –8.1 to
–6.7, d=1.6; Figure 5 and Table 4). This reduction was
significantly greater than that observed in the waiting control
group (mean GAD-7 change –1.9, 95% CI –2.5 to –1.3; P<.001,
d=1.3; Table 5) and statistically noninferior to both the

face-to-face therapy control (mean GAD-7 change –6.4, 95%
CI –7.0 to –5.8; noninferiority effect P<.001) and the typed
therapy control (mean GAD-7 change –7.5, 95% CI –8.0 to
–7.0; noninferiority effect P<.001). For each comparison, the
upper confidence limit of the mean between-group difference
was below the noninferiority margin of 1.8. Clinical outcomes
were consistently greater for the digital program compared with
the waiting control, and comparable across the active control
arms for the PP sample. Full outcomes are reported in Tables
S6 and S7 in Multimedia Appendix 1.

Figure 5. Change in anxiety symptoms from baseline to final score for the intervention sample and propensity-matched control groups. (A) Mean
change (final score – baseline) in 7-item Generalized Anxiety Disorder Scale (GAD-7) scores for the per-protocol (PP) sample (n=169), propensity-matched
waiting control group, face-to-face cognitive behavioral therapy (CBT) group, and typed CBT group. (B) Mean change in GAD-7 scores for the
intention-to-treat (ITT) sample (n=299) and all control groups. (C) Mean GAD-7 scores at baseline and final score with 95% CIs for the PP sample
(n=169) and all control groups. (D) Mean GAD-7 scores at baseline and final score with 95% CIs for the ITT sample (n=299) and all control groups.
**P<.005; ***P<.001.
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Table 4. Within-participant change in GAD-7a score from baseline to final score for the digital program sample and propensity-matched control groups.

Change in GAD-7 score (final score – baseline)Baseline score,
mean (SD)

NSample and comparator

Within-participant
effect size (d)

95% CIMean (SD)

Per-protocol sample

1.6–8.1 to –6.7–7.4 (4.6)12.4 (3.4)169ieso Digital Program

0.5–2.5 to –1.3–1.9 (4.0)12.5 (3.3)169Waiting control

1.3–7.0 to –5.8–6.4 (4.8)13.0 (3.1)253Face-to-face CBTb

1.8–8.0 to –7.0–7.5 (4.1)12.5 (3.4)229Typed CBT

Intention-to-treat sample

1.1–6.0 to –4.8–5.4 (5.1)12.5 (3.3)299ieso Digital Program

0.5–2.5 to –1.3–1.9 (4.0)12.5 (3.3)169Waiting control

1.2–6.6 to –5.5–6.0 (4.9)12.9 (3.1)299Face-to-face CBT

1.4–7.1 to –6.1–6.6 (4.6)12.6 (3.5)299Typed CBT

aGAD-7: 7-item Generalized Anxiety Disorder Scale.
bCBT: cognitive behavioral therapy.

Table 5. Between-participant effects on GAD-7a change score between the digital program and each comparator group.

Statistical hypothesis testedBetween-participant
effect size (d)

P value95% CIMean difference
from the digital pro-
gram

Sample and comparator

Per-protocol sample

Superiority1.3<.001–6.4 to –4.5–5.5Waiting control

Noninferiority0.2<.001–1.9 to –0.1–1.0Face-to-face CBTb

Noninferiority0<.001–0.7 to 1.00.1Typed CBT

Intention-to-treat sample

Superiority0.8<.001–4.4 to –2.7–3.5Waiting control

Noninferiority0.1.002–0.2 to 1.40.6Face-to-face CBT

Noninferiority0.2.060.4 to 2.01.2Typed CBT

aGAD-7: 7-item Generalized Anxiety Disorder Scale.
bCBT: cognitive behavioral therapy.

For the ITT sample, there was a clinically meaningful reduction
in anxiety symptoms for the digital program group (mean
GAD-7 change –5.4, 95% CI –6.0 to –4.8, d=1.1; Figure 5 and
Table 4). This reduction was significantly greater than that
observed in the waiting control group (P<.001, d=0.8; Table
5), statistically noninferior to the face-to-face therapy control
(mean GAD-7 change –6.0, 95% CI –6.6 to –5.5; noninferiority
effect P=.002), and approached significance for noninferiority
compared with the typed therapy control (mean GAD-7 change
–6.6, 95% CI –7.1 to –6.1; noninferiority effect P=.06). The
upper confidence limit for the mean difference in GAD-7 change
between groups was 2.0, slightly exceeding the noninferiority
margin.

Mood Symptoms
Given the specificity of the program in targeting symptoms of
generalized anxiety, a significant—though smaller—effect was
observed for low mood symptoms in the PP sample, as expected
(mean PHQ-9 change –3.1, 95% CI –3.8 to –2.4, d=0.7; P<.001;
Table 6). This reduction was significantly greater than that
observed in the waiting control group (mean PHQ-9 change
–1.0, 95% CI –1.5 to –0.4, d=0.5; between-participant effect,
P<.001). For the ITT sample, there was a small effect observed
in the digital program group (mean PHQ-9 change –1.6, 95%
CI –2.1 to –1.1, d=0.3), which was not significantly different
from the waiting control group (P=.11, d=0.1). Despite this, the
PHQ-9 remission rate—based on 116 participants above the
clinical cut-off at baseline—was 78 out of 116 (67.2%) for the
ITT sample (Table S4 and Table S5 in Multimedia Appendix
1).
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Table 6. Within-participant change in PHQ-9a score from baseline to final score for all groups.

Change in scoreBaseline score, mean (SD)NSample and comparator

Within-participant effect
size (d)

95% CIMean (SD)

0.3–1.5 to –0.4–1.0 (3.6)8.4 (3.4)169Waiting control

Per-protocol sample

0.7–3.8 to –2.4–3.1 (4.5)8.0 (3.8)169ieso Digital Program

0.6–3.6 to –2.4–3.0 (4.8)8.5 (3.7)253Face-to-face CBTb

1.1–4.6 to –3.6–4.1 (3.9)8.1 (3.5)229Typed CBT

Intention-to-treat sample

0.3–2.1 to –1.1–1.6 (4.8)8.0 (3.7)299ieso Digital Program

0.6–3.3 to –2.2–2.7 (4.8)8.4 (3.6)299Face-to-face CBT

0.8–3.8 to –2.9–3.3 (4.2)8.1 (3.6)299Typed CBT

aPHQ-9: 9-item Patient Health Questionnaire.
bCBT: cognitive behavioral therapy.

Work and Social Functioning
For the PP sample, there was a significant improvement in work
and social functioning, as measured by the WSAS, from baseline
to final score for the digital program group (mean WSAS change
–5.3, 95% CI –6.2 to –4.4, d=0.9; P<.001; Table 7). This

improvement was significantly greater than that observed in the
waiting control group (mean WSAS change –0.1;
between-participant effect P<.001, d=1.2). Similar effects were
found for the ITT sample (n=295; mean WSAS change –4.7,
95% CI –5.6 to –3.8, d=0.7), compared with the waiting control
group (P<.001, d=0.8).

Table 7. Within-participant change in WSASa score from baseline to final score for all groups.

Change in scoreBaseline score, mean (SD)nSample and comparator

Within-participant
effect size (d)

95% CIMean (SD)

0.1–0.3 to 0.1–0.1 (1.3)10.6 (6.1)153Waiting control

Per-protocol sample

0.9–6.2 to –4.4–5.3 (6.2)15.3 (6.4)169ieso Digital Program

0.5–5.4 to –3.3–4.3 (8.6)14.1 (7.6)253Face-to-face CBTb

0.8–5.3 to –3.8–4.6 (5.5)10.8 (6.4)223Typed CBT

Intention-to-treat sample

0.7–5.6 to –3.8–4.7 (6.5)14.9 (6.6)295ieso Digital Program

0.5–4.8 to –2.9–3.9 (8.3)14.1 (7.6)299Face-to-face CBT

0.7–4.5 to –3.2–3.9 (5.7)10.8 (6.3)291Typed CBT

aWSAS: Work and Social Adjustment Scale.
bCBT: cognitive behavioral therapy.

Stratification by GAD-7 Baseline Severity
The trajectory of mean anxiety symptom reduction was steeper
following the earlier program modules (Figure 6). When
stratified by baseline GAD-7 severity into mild, moderate, and
severe groups, the severe group showed the greatest reduction
in anxiety symptoms for the PP sample (n=48; mean GAD-7
change –10.7, 95% CI –12.3 to –9.2, d=2.0) and the ITT sample

(n=87; mean GAD-7 change –7.9, 95% CI –9.2 to –6.6, d=1.3;
Figure 6 and Table S6 in Multimedia Appendix 1). By the end
of the program, participants in both the moderate and severe
baseline GAD-7 groups had mean scores that fell within the
mild range. These groups also demonstrated the greatest
improvements in PHQ-9 scores and showed the largest gains
in work and social functioning, indicating substantial overall
clinical benefit (see Table S6 in Multimedia Appendix 1).
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Figure 6. Mean reduction in anxiety symptoms across the digital program. Mean 7-item Generalized Anxiety Disorder Scale (GAD-7) score for each
time point for all participants that completed the questionnaires at each time point. Trajectories split by GAD-7 baseline severity: mild, moderate, and
severe (see Table S7 in Multimedia Appendix 1).

Durability
The mean reduction in anxiety symptoms in the digital program
group was sustained at the 1-month follow-up (Figure 6).
Between the final score and 1-month follow-up, there was no
change in the GAD-7 mean score for the PP sample (n=166;
mean change 0.0, 95% CI –0.4 to 0.5) or the ITT sample (n=210;
mean change 0.0, 95% CI –0.5 to 0.4; see Table S7 in
Multimedia Appendix 1). The mean reduction in low mood
symptoms was also sustained. There was minimal mean change
in PHQ-9 scores between postintervention and follow-up for
the PP sample (mean difference 0.5, 95% CI 0.0-1.0) and the
ITT sample (mean difference 0.4, 95% CI –0.1 to 0.9; see Table
S8 in Multimedia Appendix 1).

Predictors of Adherence and Effectiveness
To investigate potential drivers of program adherence,
demographic and study factors were examined in relation to the
number of completed sessions. Only age was significantly
associated with adherence, such that older participants were
more likely to complete more sessions in the program (linear

regression: F25,273=1.3, P=.13, adjusted R2=0.03; age effect:
b=0.11, SE 0.04, t273=2.65, P=.009; see Table S9 in Multimedia
Appendix 1). Older participants were also more likely to be
included in the PP sample (see Table S10 in Multimedia
Appendix 1).

The associations between participant demographics, study
factors, and change in GAD-7 score were also explored using

linear regression (F25,273=3.31, P<.001, adjusted R2=0.16).
Greater reductions in GAD-7 scores were associated with higher
baseline GAD-7 scores (b=0.69, SE 0.09, t273=7.46, P<.001)
and higher baseline age (b=0.08, SE 0.03, t273=3.0, P=.003; see
Table S11 in Multimedia Appendix 1), such that more severe
and older participants saw a larger change in GAD-7 score.

Safety
The digital program was well tolerated, with no serious adverse
events identified during the study. There was 1 report of a
migraine and 2 reports of insomnia. A total of 10 software
deficiencies occurred (affecting 7 participants; 9/10, 90%,
occurred before the software update), primarily due to technical
issues or difficulties with the conversational agent understanding
users. In all instances, participants were offered an appointment
to discuss any potential impact on their mental health and
reminded of their right to withdraw. These instances resulted
in 1 active participant withdrawal. Across the study, 10
participants were withdrawn by a study clinician following a
conversation with the participant. These withdrawals were
related to the study exclusion criteria and suitability for the
program, rather than concerns about the safety of the digital
program.

Digital Program Clinician Time
In total, delivering the digital program required a mean of 1.6
hours (97 minutes; range 31-200 minutes) of clinician time
(defined as time spent in sessions with participants) per
participant. This included 299 assessments (mean 66 minutes;
range 31-105 minutes), 47 review appointments (mean 32
minutes; range 14-60 minutes across 46 participants), and 173
discharge appointments (mean 44 minutes; range 13-76
minutes).

Discussion

Principal Findings
This study demonstrates that an evidence-based,
human-supported digital program for adults with mild, moderate,
and severe anxiety produced a large clinically meaningful
reduction in anxiety symptoms. This was significantly greater
than a propensity-matched waiting control and noninferior to
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real-world face-to-face and typed human-delivered CBT for
those who meaningfully engaged with the program. ITT analyses
also showed a significant reduction in anxiety across the digital
program sample that was significantly greater than a waiting
control, noninferior to face-to-face CBT, and approaching
significance for noninferiority to typed CBT. Engagement with
the digital program was high and participants adhered to the
program at a similar rate to the external therapy control groups.
The program included human clinical oversight, with clinicians
spending on average 1.6 hours per participant. This study shows
that a digital program for anxiety, with human support, can
deliver a comparable reduction in anxiety symptoms to
human-delivered care with significantly reduced clinician time.
By integrating technology and human support, this study
demonstrates the potential to expand global access to
high-quality, effective mental health care.

The large clinical effect of the digital program across
participants even with moderate or severe symptoms highlights
the clinical value of the combined program content and human
support. Here, the PP (d=1.3) and ITT (d=0.8) effect sizes
relative to the waitlist are larger than the pooled effect size
reported in a recent meta-analysis of digital interventions
without any blended-care component (n comparisons=96,
g=0.26) [15]. Unlike the PP sample, which is designed to
demonstrate the clinical effectiveness of an intervention when
the intervention is adhered to, the ITT sample provides an
estimate of effectiveness more reflective of the real-world
context by accounting for disengagement. The large ITT effect
was significantly noninferior to face-to-face therapy, and
approaching significance for noninferiority to typed therapy
(P=.06). The observed difference between the digital program
and typed therapy groups suggests that typed therapy was
slightly more effective; however, the CI for the mean difference
between groups included values both below and slightly above
the noninferiority margin. Given the significant noninferiority
effect for the PP sample, this suggests that further enhancements
to engagement and the user experience with the program could
improve real-world population effectiveness relative to standard
care. Human-delivered care enables greater flexibility in
responding to patient concerns and adapting content compared
with a digital program. The comparable clinical effects and
adherence rates across groups, particularly for the PP sample,
indicates the potential of this digital program to significantly
impact real-world patient outcomes.

Ensuring clinical effects are durable is highly important given
the high relapse and recurrence rates that impact both patient
quality of life and economic health care costs [56-58].
Incorporating cognitive and behavioral principles into daily life
through practical exercises can enable meaningful behavioral
change that persists beyond the treatment end. Here, both the
persistent clinical effect at 1-month follow-up and the significant
improvement in the impact of anxiety on participants’
day-to-day functioning (as measured with the WSAS) highlight
the potential of the digital program to instigate long-lasting
behavioral change. Retrospective analysis of recurrence data
from electronic health records is needed to accurately measure
the persistence of the clinical effect in the real world over a
longer follow-up period.

The engagement rate of the digital program (232/299, 77.6%)
and time to reach “engaged” (~2 hours of program interaction
over 2 weeks) are comparable to engagement rates and time in
therapy observed in NHS TT services for the treatment of GAD
(70%; 2022-2023) [59]. Adherence rates across groups in the
study were also similar. The average program interaction time
(median 6.1 hours) across the ITT sample was greater than that
reported for similar app-based interventions (eg, median 3.4
hours) [60], indicating high engagement with the program. Study
attrition was higher than previous reports from studies of
conversational agent–delivered mental health interventions
(96/299, 32.1%) [16], yet similar to real-world global treatment
dropout rates (~20-40%) [61,62]. This may be due to the
pragmatic design of the study: 91 of the 299 (30.4%) participants
recruited through ieso’s therapy referrals could choose to
withdraw at any time and immediately access one-to-one
human-delivered therapy; and participants had the option to
discuss their progress or any issues with the clinical team at any
point. These factors could have increased withdrawal rates more
than previous studies, but more readily reflect real-world patient
choice and clinical decision-making.

Strengths
To our knowledge, this study is the first to compare the
effectiveness of a digital program with standard of care using
external propensity-matched comparator groups from real-world
patient data. There is increasing acceptability for the use of
externally controlled clinical trials [63-66] made possible by
the availability of large-scale, standardized data sets. Generating
external comparator groups reduces patient burden and study
costs as well as avoids delaying treatment for the comparator
group receiving no intervention [67]. Here, control groups were
of high quality according to the validity criteria proposed by
Thorlund and colleagues [65]: (1) control data were drawn from
real-world NHS TT services, using the same clinical
assessments, outcomes, and data collection procedures (in
accordance with the NHS TT manual) as the prospective
participants; (2) controls were selected for their highest
similarity in baseline characteristics to the digital program group
due to the propensity-matching procedure (see Table S2 in
Multimedia Appendix 1); and (3) an a priori power analysis
ensured that the sample sizes were adequate to test for
noninferiority. However, creating standard-of-care control arms
that are directly comparable to a novel digital program is
challenging due to differences in defining comparable doses,
treatment completion, and accounting for study-specific
assessments. Moreover, the lack of randomization in this study
means that selection bias and the effects of unmeasured variables
are not controlled for. Randomization remains the gold standard
for measuring efficacy in clinical trials, as it reduces bias and
increases confidence that the outcomes are attributable to the
intervention itself. However, effect sizes observed in randomized
trials often do not generalize to real-world settings, where
outcomes may be influenced by patients’ treatment preferences.
This pragmatic study design may therefore more accurately
reflect effectiveness in a real-world context and offers a quicker,
more cost-effective method for estimating impact—ultimately
reducing the time from intervention development to patient
benefit.
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The clinical effect and engagement rate reported in this study
may have been driven by a combination of 3 key features of the
digital program: (1) a curated and structured evidence-based
program, (2) a conversational agent for delivering program
content, and (3) a human user and clinical support model similar
to standard health care delivery. First, the structured
evidence-based program was curated by a team of accredited
cognitive behavioral therapists with an average of 14 years of
direct clinical experience. The program incorporated principles
from traditional CBT [26], including third-wave approaches
such as ACT. This approach encourages individuals to accept
their thoughts and feelings while committing to actions that
align with their values. A growing body of evidence indicates
that ACT is as effective as other forms of CBT for anxiety
disorders [68-70], and it has been shown to be both acceptable
and engaging when delivered through a digital program for
GAD [71,72].

Second, a conversational agent was used to personalize content
delivery and enhance engagement. Despite the rapid growth in
AI conversational agent development, the use of this technology
remains rare in digital mental health interventions—currently
used in only about 5% of programs [15]—though this is rapidly
evolving. Most existing systems use a tree-based dialogue
approach, where natural language processing analyzes user input
and selects responses from a predefined set of prewritten
answers. However, previous research has shown that users often
find this approach frustrating, particularly when it feels as
though the agent does not understand them [73,74]. Recent
advances in large language model development now make it
possible to flexibly generate personalized language, creating a
more engaging user experience. In this study, the digital program
primarily used a tree-based dialogue system, with controlled
use of natural language generation in specific instances to
enhance engagement. Increased use of generative technology
and reduced reliance on tree-based approaches will continue to
enhance the capability of conversational agents to deliver a
personalized and engaging experience. However, allowing fully
autonomous language generation in the context of mental
health—where patient concerns can be nuanced, complex, and
influenced by social and cultural factors—poses a significant
risk of harm and misuse [75]. Rigorous validation of these
emerging AI technologies, coupled with a phased rollout and
human oversight, will be essential to ensure patient safety [76].

Finally, a “blended” design that combines human support with
conversational technology has been suggested as the key to
maximizing real-world engagement [16]. Previous research has
identified a lack of trust, poor user-centric design, privacy
concerns, low usability, and limited support during emergencies
as major barriers to engagement with digital interventions [12].
To address these issues, we modeled the intervention on
real-world treatment practices—incorporating user support
services, clinician referrals to the program, proactive symptom
monitoring, and clinician availability to support collaborative
decision-making with each participant. This service created a
credible and trustworthy patient experience, which we believe
positively impacted outcomes. Although the study was not
designed to assess the economic value of the digital program,
the average clinician time spent per participant was under 2

hours—substantially lower than current global standards of
care. This represents approximately 4 times less time than a
typical treatment episode for GAD in the United Kingdom
(approximately 8 appointments of 45-60 minutes each; NHS
Digital 2021-2022 [59]), and roughly 8 times less than the global
average (approximately 15 appointments; mean across reported
naturalistic studies in [77]). This new model—combining an
AI-driven program with clinical support—enables the current
limited supply of trained therapists to reach significantly more
people than traditional care models.

Limitations
First, compensation for time may have encouraged greater
adherence to the program. Second, the prospective sample had
limited low-mood symptoms. In line with the study’s exclusion
criteria—based on the program’s specificity for
anxiety—individuals with severe depressive symptoms were
not included. Nevertheless, the propensity matching across
groups accounted for this, as all groups included patients with
similar baseline anxiety and depression symptoms. Third, there
were differences in PP sample sizes across the control groups.
These differences were likely driven by the definition of PP in
each context rather than actual engagement, given the similar
adherence rates across groups. Defining a comparable PP sample
across external control groups is challenging due to differences
in dose intensity, delivery mechanisms, data collected, and
response to treatment. The PP samples for the therapy control
groups were based on completed episodes of care, and thus were
agnostic to therapy dose—potentially including individuals who
received only a few sessions but recovered quickly. Such
individuals would not have been included in the digital program
PP sample, which was conservatively defined based on
minimum program interaction over a 9-week period. Fourth,
outcomes for the propensity-matched controls were not collected
concurrently with those of the prospective digital program
sample, potentially introducing temporal biases. For example,
the face-to-face CBT data available for analysis spanned the
COVID-19 pandemic; however, only 5 matched patients in the
face-to-face control group received care during 2020-2021, and
their data were not outliers—making it unlikely that this
impacted the findings. Propensity matching within a pragmatic
design makes these findings highly relevant for real-world
implementation. However, this study was not randomized and
relied on patient-reported outcomes, thereby introducing risks
of unmeasured confounding factors. A prospective randomized
clinical trial with additional clinician-reported outcomes will
be important to confirm the clinical efficacy of the digital
program.

Finally, the diversity of the digital program sample was limited,
with enrolled participants predominantly White, highly educated,
and female. Although this sample reflects the typical profile of
patients with GAD in the United Kingdom and the United States
[59,78], it also mirrors existing biases in those who currently
access therapy—particularly in the United Kingdom. We
attempted to increase diversity in the sample by optimizing
outreach strategies and using targeted marketing efforts, such
as an advertising campaign in a well-known men’s sporting
magazine; however, these efforts were less successful than
anticipated. Needs differ across individuals, conditions, and
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contexts, and a deeper understanding of the barriers to research
participation is required to fully address these
needs—particularly among groups that have been systematically
excluded from research or where mental health stigma exists.
Future research will engage specialized recruitment agencies
and expand to more diverse populations. Increasing access to
mental health support could play a substantial role in addressing
unmet needs in underserved groups. Therefore, future work will
aim to demonstrate the inclusivity of this digital program and
its potential to help reduce existing health inequalities.

Conclusions
This study demonstrates that a digital program with human
support, designed for adults with symptoms of generalized
anxiety, can produce outcomes comparable to human-delivered
CBT while significantly reducing the required clinician time.
These findings highlight the potential of digital interventions

to deliver high-quality, evidence-based care at scale, addressing
unmet needs worldwide. As AI technologies continue to
advance, generative dialogue systems that emulate creative and
flexible human language are likely to become widely accessible.
This increased accessibility has the potential to radically
transform how individuals seek mental health support. Our
responsibility is to harness these technological advances while
addressing the ethical and social challenges inherent in AI. By
combining the best of technology with the best of clinical care,
we can increase access to effective, safe, and engaging mental
health support for all. Rigorous evidence—particularly to
determine the optimal blend of human and digital support for
different individuals—will be essential to accelerate precision
treatment, maintain scalability, maximize uptake and adherence,
and successfully integrate digital interventions into health
systems.
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