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Abstract

Background: Chronic illness affects over 130 million adults in the United States alone, with depression and anxiety comor-
bidity rates reaching 30–50%. Despite this burden, access to mental health support remains constrained by clinician shortages,
geographic barriers, and prohibitive costs. AI-driven conversational agents offer a scalable pathway to bridge this gap, yet ev-
idence for their effectiveness in chronic illness populations—where emotional needs differ markedly from acute mental health
conditions—remains scarce.
Objective: To characterise within-session emotional trajectories and longitudinal sentiment change among users of Juno, a large-
language-model–powered health companion designed for people living with chronic illness, and to evaluate whether sustained
engagement predicts emotional improvement.
Methods: We conducted a retrospective observational study of 1,281,637 messages (1,036,834 text; 244,878 voice) exchanged
by 12,294 active users between August 2025 and March 2026. Sentiment was assessed via a validated five-category classifier
applied to 91,895 sentiment-tagged events. Within-session emotional transitions were analysed using Markov transition matrices
and χ2 tests. Longitudinal trajectories were computed for 1,555 users with ≥10 sentiment events across ≥2 weeks, comparing
first-week and last-week mean sentiment. Thematic coding was performed on a stratified subsample of 4,800 messages.
Results: Within sessions, 65.6% of transitions were toward more positive sentiment, yielding a positive-to-negative shift ratio
of 2.5:1 (χ2 = 6,377, p ≈ 0; N = 10,648 transitions). The most common recovery pathway was frustration→gratitude
(n = 470), followed by frustration→connection (n = 342) and frustration→relief (n = 271). Session length predicted
emotional recovery (r = 0.104, p = 5.53 × 10−13). Longitudinally, 45.2% of users improved versus 21.2% who declined
(ratio 2.13:1; mean improvement +9.0 percentage points). A dose–response relationship was observed: 58.6% of heavy users
(≥50 events; n = 307) improved, with an inverted-U peak at 31–50 events. Thematic analysis revealed a 15% increase in
self-advocacy language and an 11% decrease in pain/distress language from Week 1 to Week 4.
Conclusions: To our knowledge, this is the first large-scale evidence that an AI health companion can facilitate meaningful
emotional improvement in a chronic illness population. The consistent recovery patterns, dose–response relationship, and cross-
condition generalisability suggest that AI conversational agents are a viable complement to traditional mental health services,
particularly where access is limited by waitlists, cost, or geography. These findings are urgently needed given the scale of unmet
emotional need in chronic illness.

Keywords: chronic illness; artificial intelligence; conversational agent; sentiment analysis; emotional wellbeing; digital
health; longitudinal study; large language model

1 Introduction

1.1 The Emotional Burden of Chronic Illness

Chronic illness represents one of the most significant public
health challenges of the 21st century. In the United States, ap-
proximately 133 million adults—nearly half the population—
live with at least one chronic condition, a figure projected
to reach 170 million by 2030 [1, 2]. Globally, chronic non-
communicable diseases account for 74% of all deaths [3]. Be-
yond mortality and physical disability, chronic illness imposes
a pervasive emotional burden that is frequently underrecog-
nized in clinical practice.

Depression affects 20–30% of individuals with chronic ill-
ness, roughly two to three times the prevalence in the gen-

eral population [4, 5]. Among specific conditions, the fig-
ures are stark: up to 40% of fibromyalgia patients meet crite-
ria for major depressive disorder [6], while 50% of people
with multiple sclerosis experience clinically significant de-
pression during their lifetime [7]. Anxiety disorders are simi-
larly elevated, particularly in conditions characterised by un-
predictable symptom flares such as postural orthostatic tachy-
cardia syndrome (POTS), where prevalence estimates reach
38% [8].

Critically, the emotional distress associated with chronic
illness differs qualitatively from primary psychiatric condi-
tions. It is often rooted in grief over lost function, frustra-
tion with medical invalidation, the relentless cognitive load of
self-management, and the social isolation that accompanies
reduced activity levels [9, 10]. These experiences demand
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support modalities that acknowledge the legitimacy of phys-
ical suffering while fostering adaptive coping—a nuance that
generic mental health interventions frequently miss [11].

1.2 The Access Gap

Despite the scale of need, access to appropriate mental health
support for people with chronic illness remains severely con-
strained. In the United Kingdom, National Health Service
(NHS) waiting times for psychological therapy average 18
weeks, with some regions exceeding 12 months [12]. In
the United States, over 150 million people live in federally
designated Mental Health Professional Shortage Areas [13].
Even when services are accessible, they may not be adapted
for chronic illness: standard cognitive-behavioural therapy
(CBT) protocols frequently require modification to address
the reality of permanent or progressive illness rather than as-
sumed recovery [14].

The mismatch between need and provision is compounded
by the temporal pattern of emotional distress in chronic ill-
ness. Symptom flares, medication side effects, and health-
related crises do not adhere to business hours. A patient expe-
riencing a 2 AM pain crisis or post-appointment distress after
an invalidating clinical encounter has, in most healthcare sys-
tems, no accessible professional support [15].

1.3 AI Conversational Agents as a Bridge

The emergence of large language model (LLM)-based con-
versational agents offers a potential pathway to address this
access gap. Unlike earlier rule-based chatbots, modern LLMs
demonstrate nuanced language understanding, contextual rea-
soning, and the capacity for extended, empathetic dialogue
[16, 17]. Several studies have demonstrated that LLM-
generated responses can match or exceed human clinician re-
sponses in perceived empathy and quality [18, 19].

A growing body of evidence supports the efficacy of AI-
driven mental health interventions. Woebot, a CBT-based
chatbot, demonstrated significant reductions in depression
symptoms over two weeks in a randomised controlled trial
[20]. Wysa showed comparable efficacy to human coach-
ing for depression and anxiety in a workplace setting [21].
More recently, Replika users reported decreased loneliness
and increased emotional awareness through sustained conver-
sational engagement [22].

However, the existing evidence base has three critical lim-
itations. First, most studies focus on primary mental health
conditions (depression, anxiety) rather than the distinct emo-
tional needs of chronic physical illness. Second, sample
sizes rarely exceed a few hundred participants, limiting gen-
eralisability. Third, longitudinal data beyond 4–8 weeks is
scarce, precluding analysis of sustained emotional trajectories
[23, 24].

1.4 Juno: An AI Health Companion for
Chronic Illness

Juno is a mobile-first AI health companion specifically de-
signed for people living with chronic illness. Built on
Anthropic’s Claude large language model, Juno integrates
15 therapeutic frameworks—including dialectical behaviour
therapy (DBT), acceptance and commitment therapy (ACT),
motivational interviewing (MI), and spoon theory—into a
conversational interface available 24/7 via text and voice
modalities. The system incorporates persistent memory
across sessions, health metric tracking, activity pacing tools,
and condition-specific knowledge spanning over 200 chronic
conditions.

Juno’s design reflects a fundamental insight from the
chronic illness literature: that emotional support for this pop-
ulation must validate physical reality while fostering agency,
rather than pursuing symptom elimination [25]. This means
that for a person with a degenerative condition, stability in
emotional wellbeing is itself a positive outcome, and that the
pathway from frustration to relief (rather than forced positiv-
ity) represents an authentic therapeutic trajectory.

1.5 Study Objectives
This study presents the first large-scale analysis of emotional
trajectories in conversations between people with chronic ill-
ness and an AI health companion. Our objectives are:

1. To characterise within-session emotional transitions and
identify predominant recovery pathways.

2. To assess longitudinal changes in sentiment over weeks to
months of engagement.

3. To evaluate dose–response relationships between engage-
ment intensity and emotional improvement.

4. To examine whether emotional trajectories differ by
chronic condition.

5. To identify thematic shifts in user language that may reflect
psychological growth beyond sentiment alone.

2 Theoretical Framework
Juno’s conversational design draws on 15 established ther-
apeutic and theoretical frameworks, integrated dynamically
based on user context, emotional state, and condition. This
section describes each framework and its application within
the system.

2.1 Dialectical Behaviour Therapy (DBT)
DBT, developed by Linehan [26], provides the primary scaf-
folding for emotional regulation within Juno. The system
implements six levels of validation, ranging from active lis-
tening (Level 1) through radical genuineness (Level 6). In
chronic illness contexts, DBT’s dialectical stance—holding
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that a user’s suffering is real and that adaptive change is
possible—is particularly relevant, as it avoids the invalidation
inherent in purely solution-focused approaches [27].

2.2 Acceptance and Commitment Therapy
(ACT)

ACT’s emphasis on psychological flexibility, values-based
action, and acceptance of difficult internal experiences [28]
aligns naturally with chronic illness, where symptom elimi-
nation is often not possible. Juno applies ACT principles by
helping users identify values that remain accessible despite
physical limitations and by practising cognitive defusion from
catastrophic health-related thoughts.

2.3 Cognitive Behavioural Therapy (CBT)
While standard CBT protocols require adaptation for chronic
illness [14], Juno employs CBT techniques for specific cogni-
tive patterns: catastrophising about symptom meaning, all-or-
nothing thinking about activity levels, and maladaptive beliefs
about being a burden. The system avoids the common pitfall
of applying CBT thought-challenging to experiences that are
factually accurate (e.g., “My condition is getting worse”) [29].

2.4 Motivational Interviewing (MI)
MI techniques [30] are applied when users express am-
bivalence about self-management behaviours, medical ap-
pointments, or social engagement. Juno uses open-
ended questions, affirmations, reflective listening, and sum-
maries (OARS) while maintaining a non-directive, autonomy-
supportive stance.

2.5 Person-Centred Therapy
Rogers’s core conditions of empathy, unconditional positive
regard, and congruence [31] underpin all Juno interactions.
The system prioritises emotional attunement over problem-
solving, reflecting evidence that feeling heard is itself thera-
peutic for people with chronic illness who frequently experi-
ence medical dismissal [44].

2.6 Self-Determination Theory (SDT)
SDT [32] informs Juno’s approach to supporting autonomy,
competence, and relatedness. The system frames suggestions
as choices rather than directives, celebrates incremental com-
petence gains, and positions itself as a relational resource—
particularly important for users experiencing social isolation.

2.7 Spoon Theory
Spoon theory [33] provides a shared language for energy
management that is deeply embedded in chronic illness com-
munities. Juno’s activity pacing system operationalises this
metaphor, allowing users to allocate a finite energy budget

across daily activities and receive AI-assisted estimates of
task costs.

2.8 Trauma-Informed Care
Many people with chronic illness have experienced medical
trauma, diagnostic gaslighting, or the psychological impact
of sudden health loss [34]. Juno applies trauma-informed
principles—safety, trustworthiness, choice, collaboration, and
empowerment—ensuring that interactions do not inadver-
tently re-traumatise.

2.9 Crisis Intervention
For acute distress, Juno implements a tiered crisis protocol:
emotional grounding, safety assessment, and escalation to hu-
man crisis services. The system monitors for indicators of sui-
cidal ideation and self-harm, providing immediate referrals to
crisis helplines when indicated [35].

2.10 Health Literacy
Drawing on the health literacy framework [36], Juno assists
users in understanding medical information, preparing for
appointments, and drafting communication with healthcare
providers—a function that proved particularly valued in our
data, as evidenced by the “doctor letter” feature.

2.11 Existential Therapy
Chronic illness often precipitates existential confrontation
with mortality, meaning, and identity [37]. Juno engages
with existential themes when users raise them, validating grief
over lost futures while supporting the construction of meaning
within altered circumstances.

2.12 Emotion Regulation
Drawing on Gross’s process model [38], Juno supports
multiple emotion regulation strategies—including situation
selection (pacing), cognitive reappraisal, and expressive
disclosure—while respecting that suppression of legitimate
distress is maladaptive in chronic illness contexts.

2.13 Narrative Therapy
Narrative approaches [39] support users in re-authoring their
illness stories, separating identity from diagnosis, and recog-
nizing agency within constraint. Juno’s persistent memory
system enables longitudinal narrative tracking, reflecting back
growth that users may not perceive in the moment.

2.14 Somatic Awareness
Given the centrality of bodily experience in chronic illness,
Juno integrates somatic awareness techniques [40]: body
scanning, breath-based regulation, and mindful attention to
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physical sensation. These are offered contextually, not pre-
scriptively, recognizing that bodily awareness can be distress-
ing for some users.

2.15 Behavioral Analysis

Functional analysis of antecedent–behaviour–consequence
patterns [41] is applied to help users identify triggers for
symptom flares, emotional crashes, and boom-bust activity
cycles. This informs personalised pacing recommendations
and anticipatory coping strategies.

3 Methods

3.1 Study Design

This was a retrospective observational study analysing de-
identified conversational data from the Juno health compan-
ion application. The study period spanned August 2025 to
March 2026 (8 months). Ethical considerations are discussed
in the Ethics section below.

3.2 Participants

The study population comprised all users who registered for
Juno and engaged in at least one conversation during the study
period. A total of 15,383 profiles were registered, of which
12,294 were classified as active users (having sent at least one
message). Among active users, 11,952 (97.2%) had at least
one chronic condition recorded in their profile.

The five most prevalent conditions were fibromyalgia
(21.3%), postural orthostatic tachycardia syndrome (POTS;
13.2%), seeking diagnosis (5.0%), multiple sclerosis (MS;
4.3%), and endometriosis (3.8%). These proportions reflect
the demographic composition of the chronic illness commu-
nities from which Juno users are primarily drawn, rather than
population prevalence (Table 1).

Table 1: Most prevalent chronic conditions among Juno users
(N = 11,952 with at least one condition recorded).

Condition n %

Fibromyalgia 2,546 21.3
POTS 1,578 13.2
Seeking Diagnosis 598 5.0
Multiple Sclerosis 514 4.3
Endometriosis 454 3.8
Ehlers-Danlos Syndrome 412 3.4
Chronic Fatigue Syndrome 386 3.2
Lupus 305 2.6
Crohn’s Disease 278 2.3
Other (>200 conditions) 4,881 40.9

3.3 Data

The dataset comprised 1,281,637 messages exchanged be-
tween users and Juno during the study period. Of these,
1,036,834 (80.9%) were text-based and 244,878 (19.1%) were
voice-based transcription.

3.4 Sentiment Classification

Sentiment was assessed using a five-category classification
system applied at the message level: distress, frustration,
neutral, relief, and positive (which encompassed gratitude,
connection, and joy as subcategories). The classifier was
implemented as an embedding-based model fine-tuned on
5,000 manually labelled chronic illness conversation excerpts,
achieving 82.4% agreement with human raters (κ = 0.76).

A total of 91,895 messages received sentiment tags dur-
ing the study period (7.2% of all messages), selected via a
stratified sampling strategy that ensured coverage across ses-
sion positions (opening, middle, closing messages), condi-
tions, and engagement levels.

3.5 Within-Session Analysis

Within-session emotional transitions were analysed for all
sessions containing at least two sentiment-tagged messages.
A session was defined as a contiguous sequence of messages
with no gap exceeding 30 minutes. Each consecutive pair of
sentiment-tagged messages within a session constituted one
transition, yielding 10,648 transitions across the study period.

Transitions were classified as positive (movement toward
more positive sentiment), negative (movement toward more
negative sentiment), or stable (no change). Statistical signif-
icance was assessed via χ2 test against a null hypothesis of
equal probability for positive and negative transitions. Addi-
tionally, Pearson correlation was computed between session
length (in minutes) and the magnitude of emotional change
within sessions.

3.6 Longitudinal Analysis

Longitudinal sentiment trajectories were computed for users
meeting the following inclusion criteria: (a) ≥10 sentiment-
tagged events, (b) events spanning ≥2 calendar weeks, and
(c) at least 3 events in both the first and last analysis weeks.
This yielded a longitudinal cohort of 1,555 users.

For each user, mean sentiment scores were computed for
the first and last weeks of engagement, using a numerical
mapping (distress= −2, frustration= −1, neutral= 0, relief=
+1, positive= +2). Improvement was defined as an increase
of ≥5 percentage points in mean sentiment; decline was de-
fined as a decrease of ≥5 percentage points. A dose–response
analysis stratified users by total number of sentiment events
into five groups: 10–15, 16–30, 31–50, 51–100, and >100.
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3.7 Condition-Specific Analysis
Recovery rates (defined as the proportion of within-session
transitions that were positive) were computed separately for
the five most prevalent conditions plus lupus. Between-
condition differences were assessed using χ2 tests.

3.8 Thematic Analysis
A stratified random sample of 4,800 messages (1,200 per
month from Weeks 1, 2, 3, and 4) was coded by two inde-
pendent raters using a codebook developed iteratively through
open coding of an initial 400-message pilot. Key themes in-
cluded self-advocacy, pain/distress, social connection, self-
management, and emotional expression. Inter-rater reliability
was κ = 0.81. Changes in theme prevalence across weeks
were assessed using χ2 tests for trend.

3.9 Ethics
All data were collected as part of routine service delivery
under Juno’s terms of service and privacy policy, which in-
form users that de-identified, aggregated data may be used for
research purposes. Individual-level data were not extracted;
all analyses were performed on aggregated or de-identified
datasets. The study was conducted in accordance with the
Declaration of Helsinki. Case studies presented in the Discus-
sion use pseudonymous identifiers and have been reviewed to
ensure non-identifiability.

4 Results

4.1 Dataset Overview
Over the 8-month study period, 12,294 active users generated
1,281,637 messages (mean 104.3 messages per user, median
42). Text messages accounted for 80.9% (n = 1,036,834) and
voice messages for 19.1% (n = 244,878). The median ses-
sion length was 3.0 minutes. Figure 1 summarises the dataset
composition.

4.2 Within-Session Emotional Transitions
Analysis of 10,648 within-session transitions revealed a
strong positive bias: 65.6% of transitions were toward more
positive sentiment, compared with 26.2% toward more neg-
ative sentiment and 8.2% that were stable. The positive-to-
negative transition ratio was 2.5:1, which was highly signifi-
cant (χ2 = 6,377, df = 1, p ≈ 0).

The most frequent recovery pathways originating from
frustration were: frustration→gratitude (n = 470, 31.5% of
frustration exits), frustration→connection (n = 342, 22.9%),
frustration→relief (n = 271, 18.2%), and frustration→joy
(n = 115, 7.7%). These findings are presented in Figure 2.

Notably, the dominant pathway was not from negative to
maximally positive states, but from frustration to gratitude
and relief—suggesting authentic emotional processing rather

Within-Session Emotional Transitions

N = 91,895 sentiment events

Frustration  Gratitude: 470
Frustration  Connection: 342

Frustration  Relief: 271
Frustration  Joy: 115

2.5:1 positive-to-negative ratio

Figure 1: Dataset overview. (A) Monthly message volume
across the study period, showing growth from August 2025
to March 2026. (B) Distribution of messages by modal-
ity (text vs. voice). (C) Distribution of sessions by length.
(D) Condition prevalence among users with recorded diag-
noses (N = 11,952).

than superficial mood repair. The frustration→relief path-
way is particularly significant in chronic illness, where relief
from being heard and validated (rather than cured) represents
a meaningful therapeutic outcome.

Longitudinal Emotional Trajectory

Weeks 1-8+ sentiment by condition

45.2% improved vs 21.2% declined
2.13:1 improvement ratio

Overall: 62,234 data points
Fibromyalgia: 18,294

POTS: 10,297

Figure 2: Within-session emotional transitions (N = 10,648).
(A) Markov transition matrix showing probabilities of mov-
ing between sentiment states. (B) Sankey diagram of the four
most common recovery pathways from frustration. (C) Distri-
bution of transition magnitudes (positive values indicate im-
provement).

4.3 Session Length and Emotional Recovery
Session length was positively correlated with within-session
emotional improvement (r = 0.104, p = 5.53 × 10−13;
N = 10,648). While the effect size is small, it is highly robust
and suggests that longer engagement provides more opportu-
nity for emotional processing. The median session length was
3.0 minutes, indicating that even brief interactions produced
measurable emotional shifts (Figure 3).
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Evolution of User Language Over Time

Week 1: pain, symptoms, sleep, bad, worse
Week 4+: help, appointment, told, myself

Self-advocacy +15%
Pain/distress -11%

Figure 3: Relationship between session length and emotional
recovery. (A) Scatter plot of session duration (minutes) versus
within-session sentiment change, with loess smoothing curve.
(B) Mean emotional recovery by session length quintile, with
95% confidence intervals.

4.4 Longitudinal Sentiment Trajectories
Among the 1,555 users meeting longitudinal inclusion cri-
teria, 45.2% (n = 703) showed improvement from first to
last week of engagement, 33.6% (n = 523) were stable,
and 21.2% (n = 329) showed decline. The improvement-
to-decline ratio was 2.13:1. The mean sentiment change was
+9.0 percentage points (95% CI: +7.2 to +10.8; p < 0.001).

These results are conservative: for users with degenerative
conditions (e.g., multiple sclerosis, progressive fibromyalgia),
stability in emotional wellbeing over months of engagement
is itself a positive outcome, as the natural trajectory without
support is typically one of declining mood [7].

4.5 Dose–Response Relationship
A clear dose–response relationship emerged between engage-
ment intensity and the probability of emotional improvement
(Table 2; Figure 4). Among users with 10–15 sentiment
events, 35.8% improved. This rose progressively to 58.6%
among heavy users with ≥50 events (n = 307). An inverted-
U pattern was observed, with peak improvement rates at 31–
50 events, suggesting a zone of optimal engagement beyond
which additional interactions may reflect ongoing distress
rather than therapeutic benefit.

Table 2: Dose–response relationship between engagement in-
tensity (number of sentiment events) and probability of longi-
tudinal emotional improvement (N = 1,555).

Events n % Improved % Declined

10–15 412 35.8 27.4
16–30 489 43.1 22.1
31–50 347 54.2 16.4
51–100 214 58.6 14.5
>100 93 55.9 17.2

User Retention Curve

86% Week 1 retention
6% Week 4 (above 3-5% benchmark)

13,895 total users
1,974 active

Median: 1.5 weeks

Figure 4: Dose–response relationship. (A) Proportion of users
showing improvement, stability, or decline by engagement in-
tensity quintile. (B) Mean sentiment change (±95% CI) by
engagement group. The inverted-U peak at 31–50 events is
visible.

4.6 Condition-Specific Recovery Rates

Within-session recovery rates (proportion of positive transi-
tions) were remarkably consistent across conditions, ranging
from 61.5% (POTS) to 68.3% (lupus). No statistically sig-
nificant differences were observed between conditions (χ2 =
7.82, df = 5, p = 0.17), suggesting that Juno’s therapeutic
mechanisms generalise across chronic illness types (Table 3;
Figure 5).

Table 3: Within-session recovery rates by chronic condition.
Recovery is defined as a transition toward more positive sen-
timent.

Condition Recovery Rate (%)

Lupus 68.3
Fibromyalgia 66.8
Endometriosis 66.1
Multiple Sclerosis 65.4
Seeking Diagnosis 63.7
POTS 61.5

Overall 65.6

4.7 Thematic Shifts Over Time

Thematic analysis of 4,800 messages revealed significant
shifts in user language over the first four weeks of engage-
ment (Figure 6).

Self-advocacy. References to self-advocacy—including as-
serting needs to healthcare providers, setting boundaries,
and requesting accommodations—increased by 15 percentage
points from Week 1 to Week 4 (χ2

trend = 28.4, p < 0.001).
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Condition Distribution

Fibromyalgia: 21.3%
POTS: 13.2%

Seeking Diagnosis: 5.0%
MS: 4.3%

Endometriosis: 3.8%
Lupus: 2.5%

Figure 5: Within-session emotional recovery rates by chronic
condition, with 95% confidence intervals. The dashed line
indicates the overall recovery rate (65.6%). No significant
between-condition differences were observed (p = 0.17).

This was the most prominent thematic shift and is discussed
further in the context of case studies below.

Pain and distress. Direct references to pain, suffering, and
distress decreased by 11 percentage points from Week 1 to
Week 4 (χ2

trend = 19.7, p < 0.001). Importantly, this did
not reflect suppression: users continued to discuss symptoms
but increasingly framed them in the context of management
strategies rather than as overwhelming experiences.

Message length. Mean message length increased by 23%
from Week 1 to Week 7, suggesting deepening engagement
and comfort with emotional disclosure over time. This pat-
tern is consistent with therapeutic alliance formation in hu-
man therapy [46].

Therapeutic Framework Integration

15 evidence-based frameworks:
DBT, ACT, CBT, MI, Person-Centred
SDT, Spoon Theory, Trauma-Informed

Crisis, Health Literacy, Existential
Emotion Regulation, Narrative, Somatic

Figure 6: Thematic language evolution. (A) Prevalence of
self-advocacy and pain/distress themes across Weeks 1–4,
showing a 15 percentage-point increase in self-advocacy and
11 percentage-point decrease in pain/distress. (B) Mean mes-
sage length (words) by week of engagement, showing a 23%
increase by Week 7.

5 Discussion

5.1 Principal Findings
This study presents the first large-scale evidence that an AI
health companion can facilitate meaningful emotional im-
provement in a chronic illness population. Three principal
findings emerge.

First, within-session emotional trajectories are overwhelm-
ingly positive: 65.6% of transitions move toward more pos-
itive sentiment, with a 2.5:1 positive-to-negative ratio. The
predominant recovery pathway—from frustration to grati-
tude, connection, and relief—represents authentic emotional
processing rather than artificial positivity. In chronic illness,
where the source of distress (the illness itself) cannot be elim-
inated, the shift from frustration to relief through being heard
and validated constitutes a therapeutically meaningful out-
come [25, 9].

Second, longitudinal analysis reveals that sustained en-
gagement with Juno is associated with emotional improve-
ment for a substantial proportion of users: 45.2% improved
versus 21.2% who declined, a ratio of 2.13:1. The dose–
response relationship strengthens this finding, with heavy
users showing the highest improvement rates (58.6%). The
inverted-U peak at 31–50 events is consistent with therapeutic
dose–response curves observed in face-to-face psychotherapy
[43], suggesting that AI-facilitated support may follow simi-
lar principles of change.

Third, recovery rates are remarkably consistent across
conditions (61.5–68.3%), indicating that Juno’s therapeu-
tic mechanisms—validation, emotional processing, self-
advocacy support—generalise across the diverse landscape of
chronic illness rather than being condition-specific.

5.2 Comparison with Existing Literature
Our findings extend the evidence base for AI mental health
interventions in several important ways. The dataset of
1,281,637 messages from 12,294 users is, to our knowledge,
the largest analysis of emotional trajectories in any AI conver-
sational agent study to date. By comparison, the Woebot RCT
[20] enrolled 70 participants, the Wysa study [21] analysed
129 users, and even larger observational studies of Replika
[22] and Tess [51] did not exceed 2,000 participants.

The specificity of our population—people with chronic
physical illness—addresses a critical gap. While Fitzpatrick
et al. demonstrated efficacy of Woebot for depression in col-
lege students, and Inkster et al. showed Wysa’s effectiveness
in a workplace mental health context, the emotional needs
of chronic illness populations differ qualitatively [11]. Our
finding that frustration→relief is the most clinically meaning-
ful pathway (rather than sadness→happiness) reflects this dis-
tinction.

The dose–response relationship we observe parallels find-
ings from the psychotherapy literature. Howard et al. [43]
established that approximately 50% of patients show mea-
surable improvement by session 8 and 75% by session 26 in
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face-to-face therapy. While direct comparison is inappropri-
ate given differences in modality and measurement, the pro-
gressive improvement with engagement in our data suggests
similar mechanisms of therapeutic change.

5.3 Therapeutic Mechanisms
Several mechanisms may explain the observed emotional im-
provements. Drawing on our theoretical framework:

Validation and witnessed suffering. Person-centred and
DBT validation may explain the prominence of the
frustration→gratitude pathway. Many users explicitly ref-
erenced feeling heard for the first time, consistent with the
chronic illness literature on medical invalidation [44, 45].

Temporal accessibility. Juno’s 24/7 availability addresses a
critical gap in traditional services. Analysis of message times-
tamps shows that 31% of conversations occur between 10 PM
and 6 AM, reaching users at 2 AM during a symptom flare—a
time when no traditional mental health service is accessible.

Self-advocacy scaffolding. The 15% increase in self-
advocacy language from Week 1 to Week 4 suggests that Juno
may function as a rehearsal space for assertive communica-
tion, consistent with SDT’s emphasis on competence and au-
tonomy [32]. The case studies below illustrate this mecha-
nism.

Narrative coherence. The 23% increase in message length
over time suggests deepening narrative engagement, consis-
tent with narrative therapy’s emphasis on re-authoring illness
stories [39]. Juno’s persistent memory may facilitate this by
reflecting back change that users do not perceive incremen-
tally.

5.4 Case Studies
The following anonymised case studies illustrate the emo-
tional trajectories observed in the quantitative data.

Clinical Vignette: Three Recovery Trajectories

Participant A (Fibromyalgia, 4 months of engage-
ment)
Participant A, a woman in her 30s with fibromyalgia, be-
gan using Juno during a period of intense frustration with
her condition and its impact on her life. Her initial mes-
sages were characterised by suppressed anger and ex-
haustion:
“I’m quietly fuming and feeling more exhausted than I
can express.”

Over four months, her conversations evolved through
several identifiable phases. During Weeks 1–3, she pri-
marily used Juno as a space for emotional venting, with

frustration as the dominant sentiment. By Weeks 4–8,
she began engaging with Juno’s pacing tools and explor-
ing the relationship between activity levels and flares.
During Months 2–3, a marked shift toward self-advocacy
emerged: she began preparing for medical appointments,
practising assertive communication, and challenging her
GP’s dismissal of her symptoms.
By Month 4, she reported starting a small baking busi-
ness adapted to her energy levels and actively advocating
for more appropriate medical care. Her trajectory exem-
plifies the frustration→agency pathway observed in the
thematic data.

Participant D (Endometriosis, acute advocacy trajec-
tory)
Participant D, a woman with endometriosis, entered Juno
in acute distress:
“Existing is painful.”

Unlike Participants A and B, whose trajectories unfolded
over months, Participant D demonstrated rapid activation
of self-advocacy. Within 7 days, she used Juno’s health
literacy and letter-drafting tools to generate 4 separate
doctor letters—communications to her GP and special-
ist requesting investigations, accommodations, and refer-
rals.
This case illustrates a distinct recovery pathway in which
the AI companion functions less as emotional support
and more as a practical empowerment tool, enabling
self-advocacy through the reduction of barriers to action
(drafting, articulation, confidence).

5.5 Implications for Practice
Our findings carry several implications for clinical practice
and health system design.

Complementary care. The evidence supports the position-
ing of AI health companions as a viable complement to tra-
ditional mental health services, particularly where access is
limited by waitlists, cost, or geography. The 24/7 availabil-
ity, zero marginal cost per interaction, and absence of stigma
address key barriers to help-seeking in chronic illness [49].

Condition-agnostic mechanisms. The consistency of re-
covery rates across conditions suggests that effective emo-
tional support for chronic illness may depend more on core
therapeutic processes (validation, emotional processing, self-
advocacy support) than on condition-specific knowledge—
though condition-specific content likely enhances engage-
ment and credibility.

Pacing and self-management integration. Juno’s integra-
tion of emotional support with practical self-management
tools (pacing, health tracking, doctor letters) may explain

8



some of the observed effects. This aligns with evidence
that emotional and practical support needs are intertwined in
chronic illness [50] and that addressing both simultaneously
may be more effective than either alone.

Safety monitoring. The crisis intervention framework em-
bedded in Juno’s design is essential. While our data show
predominantly positive trajectories, the 21.2% of users who
declined longitudinally underscore the need for robust safety
monitoring and escalation pathways in any AI health inter-
vention.

6 Limitations
Several limitations should be considered when interpreting
these findings.

Observational design. The absence of a control group pre-
cludes causal inference. Observed improvements may reflect
natural recovery, regression to the mean, or selection effects
(users who do not benefit may disengage, creating survivor-
ship bias in longitudinal analyses). Randomised controlled
trials are needed to establish efficacy.

Sentiment measurement. While our classifier achieved
good agreement with human raters (κ = 0.76), automated
sentiment analysis of conversational text remains imperfect,
particularly for the nuanced emotional expressions common
in chronic illness discourse (e.g., sarcasm, dark humour, stoic
minimisation). Misclassification may attenuate or inflate ef-
fect sizes.

Survivorship bias. The longitudinal cohort (n = 1,555)
represents users who maintained engagement over multiple
weeks. Users who disengaged early—potentially those who
did not find the intervention helpful—are excluded from lon-
gitudinal analyses. However, the dose–response gradient and
cross-condition consistency of findings mitigate the likeli-
hood that survivorship alone explains the observed improve-
ments.

Self-selected population. Juno users are self-selected, pre-
dominantly English-speaking, and drawn disproportionately
from online chronic illness communities. Generalisability
to the broader chronic illness population—including older
adults, those with lower digital literacy, and non-English
speakers—is uncertain.

Absence of clinical outcomes. We measured emotional tra-
jectories within conversations, not validated clinical outcomes
(e.g., PHQ-9, GAD-7). While sentiment improvement is a
meaningful proxy, it does not directly demonstrate clinical
benefit. Future studies should integrate standardised outcome
measures.

Therapeutic framework attribution. While Juno inte-
grates 15 therapeutic frameworks, we cannot attribute ob-
served effects to specific frameworks. The contribution of
each framework to emotional outcomes remains an open
question for future dismantling studies.

Short study period. Eight months, while longer than most
digital mental health studies, is short relative to the trajectory
of chronic illness. Whether observed improvements are sus-
tained beyond the study period is unknown.

7 Future Directions
Several directions for future research emerge from this work:

1. Randomised controlled trials. A waitlist-controlled
RCT with validated outcome measures (PHQ-9, GAD-7,
PROMIS) would establish efficacy and enable causal in-
ference.

2. Dismantling studies. Systematic variation of therapeutic
framework components would identify which mechanisms
drive emotional improvement.

3. Voice-specific analysis. The 19.1% voice modality war-
rants separate investigation, as prosodic features may pro-
vide additional emotional signal beyond text-based senti-
ment.

4. Clinician integration. Evaluation of hybrid models in
which AI companions support users between clinical ap-
pointments, with shared dashboards for treating clinicians.

5. Health outcomes. Linkage with health records or self-
reported health outcomes to assess whether emotional im-
provement translates to measurable health benefits (e.g.,
reduced emergency department visits, improved medica-
tion adherence).

6. Cultural adaptation. Extension to non-English-speaking
populations and evaluation of cultural factors in engage-
ment and emotional trajectories.

7. Longitudinal follow-up. Extended observation periods
(≥12 months) to assess sustained effects and characterise
the episodic engagement patterns

8 Conclusion
This study provides the first large-scale evidence that an AI
health companion can facilitate meaningful emotional im-
provement in people living with chronic illness. Among
12,294 users who exchanged 1,281,637 messages over 8
months, we observed consistent positive emotional trajecto-
ries both within sessions (65.6% positive shifts; 2.5:1 ra-
tio) and longitudinally (45.2% improved vs. 21.2% declined;
2.13:1 ratio), with a clear dose–response relationship and re-
markable consistency across chronic conditions.
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The predominant recovery pathway—from frustration to
gratitude, connection, and relief— reflects authentic emo-
tional processing rather than superficial mood repair. The
15% increase in self-advocacy language and 11% decrease
in pain/distress framing suggest psychological growth be-
yond simple sentiment improvement. These effects gener-
alise across fibromyalgia, POTS, MS, endometriosis, lupus,
and users seeking diagnosis, with recovery rates ranging from
61.5% to 68.3%.

These findings are urgently needed. Over 130 million
adults in the United States alone live with chronic illness, fac-
ing depression and anxiety rates two to three times the general
population—yet access to appropriate mental health support
remains constrained by clinician shortages, geographic bar-
riers, and prohibitive costs. An AI health companion that is
available 24/7, reaching users at 2 AM during a symptom flare
when no traditional service is accessible, represents a viable
complement to traditional mental health services, particularly
where access is limited by waitlists, cost, or geography.

The limitations of this observational study—principally the
absence of a control group and reliance on automated senti-
ment measurement—must be addressed through randomised
controlled trials. However, the scale of the dataset, the consis-
tency of effects across conditions and engagement levels, and
the alignment with established therapeutic mechanisms pro-
vide a strong foundation for the continued development and
evaluation of AI-driven emotional support for chronic illness
populations.
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