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Who are we?
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From Coventry University Research Centre for 
Computational Science & Mathematical Modelling

Prof. Matthew England:  
Professor of Computer Science; Director of CSMM
(specialist on integration of AI with mathematical software).

Dr Michael Ajao-olarinoye:  
Research Fellow; PhD in Computer Science (projects in 
pandemic modelling; aneurysm modelling).



Getting to know HOPE
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We met Gabriela and Andy at one of their 
presentations about HOPE at Coventry University in early 
2025.  We discussed the potential for ML/AI to enhance 
the HOPE Program.

We collaborated soon after to apply for the HOPE-MOVE project (2025-26)

The project as a whole, is expanding the HOPE Program to those living with 
osteoarthritis and chronic pain in the hip or knee.

We lead a work package trialing ML/AI tools on Hope data.

First we acknowledge our collaborators.







Introduction to HOPE
(Thanks to Andy Turner and his AI)
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HOPE PROGRAMME 
PARTICIPANTS TO DATE

EVIDENCE BASED 
CO-PRODUCED 

SELF-MANAGEMENT DIGITAL 
INTERVENTIONS

STAFF
80% FEMALE, 60% LIVING WITH 

LONG TERM CONDITIONS

CONFIRMED VALUATION  OF 
OUR DIGITAL PLATFORM 

PEER-REVIEWED ACADEMIC 
JOURNAL ARTICLES PUBLISHED

TECH FOR GOOD:
TECHNOLOGY SOCIAL 

ENTERPRISE OF THE YEAR 2024

PROFIT RE-INVESTED 
INTO OUR COMMUNITIES



36,000
P EO P L E  S U P P O R T E D  TO  DAT E

EVIDENCE BASED courses built on 25+ years of research

MULTI CONDITION holistic support focused on the 
person 

CO-DESIGNED and PROVEN to improve mental 
wellbeing, patient activation and quality of life

SCALABLE digital-first with local in-person delivery

BUILT FOR NEIGHBOURHOOD HEALTH

The Hope Programme empowers people living with long-term conditions and carers to take control 
of their health and wellbeing closer to home.

COMPLIANCE

DCB0129 
NHS CLINICAL SAFETY



Goal
setting

Fatigue
management

Stress
management

Healthy
eating

Physical
activity Communication

GratitudeDealing with
setbacks

Challenging
unhelpful beliefs

Personal
strengths Mindfulness

Self 
compassion

adult (18+)
any long-term condition(s)

unpaid carer
low level mental health needs

lonely and isolated
low motivation and/or confidence

CHOICE
CONTROL

WHAT MATTERS TO ME

DIGITAL
at home

anonymous 
asynchronous

groups or self-guided 
online community

IN-PERSON
in community

groups
local facilitators
trusted partners

E M P O W E R  P E O P L E :  P E R S O N - L E D  +  H O L I S T I C  +  F L E X I B L E  C O U R S E S



HOPE PROGRAMME COURSES OFFER

GROUP FACILITATED COURSES online 
or in-person - start on set dates - 
meet others in a similar situation - 
get support from trained facilitators  

SELF-GUIDED COURSES online - start 
now - learn on your own - technical 
support

ONLINE COMMUNITY ongoing course 
content access and self-management 
- peer-support - events and more

COMPLIANCE

DCB0129 
NHS CLINICAL SAFETY



































Crash Course on AI and ML
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Crash Course: AI vs ML

3

Artificial Intelligence (AI) is the field of computer 
science that aims to create systems capable of 
performing tasks that typically require human intelligence.

• Includes e.g. rule-based systems; knowledge graphs.

• Recent success has come from Machine Learning.



Crash Course:  AI vs ML

3

Artificial Intelligence (AI) is the field of computer 
science that aims to create systems capable of 
performing tasks that typically require human intelligence.

Machine Learning (ML) focuses on systems to learn from data, 
instead of being explicitly programmed with rules.  

• Supervised learning requires large quantities of data to learn a 
model from (provided by our world's increased digitialisation).

• Unsupervised learning requires a way to reward models based 
on outputs.

• Includes e.g. rule-based systems; knowledge graphs.

• Recent success has come from Machine Learning.



Crash Course: What about LLMs?
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Large Language Models (LLMs) are often what people 
refer to by AI in 2026.  These are an extreme form of 
machine learning:

• Models trained on all data available on the internet (at 
huge computational cost).

• Trained for the next word prediction task.  E.g. given
"Hope For the Community CIC is based in"
what is the next word?
An LLM will likely predict "Coventry".  Not because it has 
a file on H4C, but because this fact was present 
somewhere on the internet and so it is a likely next word.



Traditional ML Large Language Models (LLMs)

Core Objective Predict & Classify new data based on patterns in 
training data. 

Generative: To generate new objects based on patterns 
in training data

Input Data Type Traditionally data is structured (e.g. spreadsheet) but 
can now operate on unstructured data. Designed for unstructured data

Output Data 
Type A label, score, class, or numeric value. A new object, e.g. text, image, code.

Underlying 
technology

A wide variety to choose from which vary in power, 
computational requirements, data requirements and 
interpretability.

Deep neural networks (Transformer-based 
architectures). Huge, expensive to create, not 
interpretable. 

Scope Specialists: Model is usually trained for just one task. Generalists: The same model can be applied on many 
different tasks. 

Explainability Low-High: Depending on the underlying technology. Low: Although you can ask an LLM to explain its 
reasoning this is not guaranteed to be accurate! 

Accuracy High: If trained correctly, they yield consistent, reliable 
results

Variable: Susceptible to "hallucinations" (confident but 
false assertions) due to probabilistic text generation.

Computational 
Cost

Low to moderate: many models can be trained on a 
standard laptop.

Massive: Requires hundreds of GPUs, millions of 
dollars, and massive power consumption. Commonly 
obtained as a cloud service.



Initial Ideas for Working AI/ML into HOPE
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HOPE already sit on a lot of data from previous users of the 
HOPE Program.  We planned to see if some more value 
could be extracted from this data.

• Identify patterns of engagement from the data.

• Use these to predict current users at risk of dropping out.

These tasks can be address by traditional ML and Data Science.

The Hope Program is supported by facilitators who work to keep 
participants engaged.  We also explored whether LLMs could shoulder 
some of that weight by suggesting communications for facilitators.





Data Security and Research Ethics
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This project has Research Ethics approval from Coventry University.

Key concerns were around security of personal data.  Ensured this as follows:

• We were provided with anonymized data (participants were identified by a 
number rather than a name).

• Data kept locally on campus computers throughout.

• All ML models were local.

• Even out LLM experiments used only open-source LLMs running on large 
computers in Coventry; no data was shared with cloud models.  
(This also had the advantage of being free to use!)



Proof of Concept Dashboard
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3

Proof of Concept 
Dashboard Produced





SPOT

See who needs you and why

•   Everyone ranked each week: 

Needs attention · Check in soon · On track.

•   A clear risk score with the reasons behind it.

•   A recommended approach and wellbeing 
cue for outreach.

Risk comes from a Random Forest model, 
shown in plain language.
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SUPPORT

Reply with warmth, faster

•   Three tones, drafted from the participant's own post.

•   Written by a fine-tuned small language model (here, Qwen3 1.7b 
parameter model ).

•   Edit, polish, send: always your words, your call.

•   Your feedback (kept / edited / rejected) trains better drafts.

The draft is a starting point, never sent on its own.
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How it fits together

•   Risk engine: predicts weekly dropout 
with a Random Forest, ~0.85–0.95 AUC.

•   Drafting engine: a fine-tuned small 
language model trained on real Hope 
replies.

Both produce suggestions only; a person always decides.
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THE RESEARCH BEHIND IT

Three research threads

1.  Why retention happens   ·   2.  Predicting dropout   ·   3.  Generating replies
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EVIDENCE BASE · COHORT STUDY

The data behind the research

Study population by course: enrolments, starters, completion and writing

•   3,345 enrolments across 7 courses (8 modules). Of these, 
2,270 started, and they form our analytic sample.

•   76.7% of starters completed, and 69.7% wrote at least one 
activity.

•   The biggest loss happens before writing ever starts.

Engagement milestones across all enrolments (N = 3,345)
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EVIDENCE BASE · METHODS

How we analysed engagement

•   Four data streams from the 
platform: browsing, writing, 
facilitator comments, forum.

•   33 engagement features per 
participant, including language 
signals from the text itself.

•   Four analysis streams: group 
comparisons, retention curves, 
engagement profiles, robustness 
checks.
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EVIDENCE BASE · COHORT STUDY

What keeps people engaged

•   2,270 enrolments across 7 courses (8 
modules), delivered on the H4C digital 
platform.

•   People who write complete at 89.3%, 
against 47.5% for those who don't. That is 
about 9 times the odds of completing (OR 
9.24, p < .001).

•   Dose-response: completion climbs with 
every activity submitted, from 47.5% at zero 
to almost 100% from 11 activities.

•   646 enrolments browsed the platform but 
never wrote. This is the group an early 
nudge could reach.
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EVIDENCE BASE · WHO TO SUPPORT FIRST BASED ON TEXT ENGAGEMENT

Five engagement profiles

•   Drop-out ranges from Disengaged (59.6%) down to Deep (0.3%).
•   The 'Light' group (n=327, 15.0% dropout) browses but barely writes. They are the early-support target the dashboard surfaces.
•   Even a little writing matters. Dropout halves between Minimal (28.3%) and Light (15.0%), which makes the first writing activity the priority intervention.
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EVIDENCE BASE · WELLBEING (SWEMWBS)

Wellbeing rises with engagement

Mean wellbeing change from pre to post, by activities submitted

Completion is flat across baseline wellbeing bands

•   Median gain of +2 SWEMWBS points from pre to post (922 paired responses, p < .001). More writing goes with larger gains, at 
+0.10 points per activity after adjustment.

•   Baseline wellbeing did not predict completion. Early behaviour is the signal to watch, not how people felt at the start.
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EVIDENCE BASE · CONNECTION

Connection lowers drop-out

Drop-out by the furthest milestone a person reached

•   Every milestone reached lowers drop-out: 23.3% 
across all starters, 10.7% once someone writes, and 
around 6% once they receive a comment or post in 
the forum.

•   57.6% of completers posted in the forum, against 
12.8% of those who dropped out.

•   Forum replies stay protective after adjusting for 
writing, comments and logins (OR 0.78 per reply, 95% 
CI 0.68 to 0.89).

•   Posting early matters: people who posted within 14 
days completed at 93.0%, against 61.5% for those 
who never posted.
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EVIDENCE BASE · TIMING

The first week decides

Retention over time, writers (n = 1,583) against non-writers (n = 687)

•   The two groups separate immediately and never 
converge (log-rank χ² = 564).

•   Among writers who later dropped out, the median 
last activity was day 0.7. They arrived, wrote once, 
and stopped.

•   A quarter of them left a gap of more than 7 days
before disappearing, which is a visible warning.

•   This is why the risk engine scores every week, 
starting at day 7.
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Machine learning for the risk engine
RISK ENGINE · MODEL SELECTION

Family Models 

Linear Logistic regression

Tree (single) Random forest 

Tree (boosted) LightGBM, XGBoost, 
CatBoost

Shallow NN MLP 

Recurrent GRU

Weekly checkpoints at T = 7 to 56 days. Each model sees only the first T 
days of behaviour.

Top predictors: days since last activity, activities submitted, hours to first 
action.

What the deployed model relies on (gain importance)
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RISK ENGINE · EXPERIMENT RESULTS

Choosing the model

•   Seven model families compared (LR, RF, 
XGBoost, LightGBM, CatBoost, GRU, MLP).

•   Tested on held-out whole courses (LOCO) 
and modules (LOMO) the model never saw.

•   The top models are statistically tied at 
about 0.85 AUC, with no family separating 
from the pack.

•   LightGBM is deployed for engineering 
reasons, namely calibrated scores and built-
in explanations, rather than because it won.
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RISK ENGINE · PERFORMANCE

Predicting dropout early

•   AUC 0.84 at week 1, rising to 0.90 by course 
end, so dropout is visible early.

•   One model per weekly checkpoint, and most 
of the signal is already there in week one.

•   Transfers to courses and modules the 
model has never seen (about 0.85 AUC held 
out).

•   Tuned for recall of 90%: at week 1 it catches 
601 of 667 eventual dropouts, at a precision 
of 0.72.
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EVIDENCE BASE · FACILITATOR SUPPORT

Breadth beats depth

94.5%
writers who received a facilitator comment 

completed

73.4%
writers who received none completed

no effect
of how fast, or how long, the reply was

•   Being contacted at all is what tracks with completion. Response speed (p = 0.56) and comment length (p = 0.83) made 
no measurable difference.

•   Once early writing and logins are accounted for, the effect is no longer distinguishable (adjusted OR 0.79, p = 0.32), so 
we read this as a marker rather than proof of causation.

•   The practical reading: reach more people with a short warm reply rather than perfecting a few. Facilitator time is the 
scarce resource, and that is exactly what the drafting engine is for.
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DRAFTING ENGINE · SAFETY PIPELINE

How a draft is made, safely

Participant post
gratitude, goals, 

reflections, forum

Prompt assembly
HOPE facilitator manual: 7 
rules plus an activity cue

Fine-tuned small 
model

trained on real Hope 
replies, runs locally

Quality check
facilitation-style rules, 

regenerate on a breach

Three draft replies
one per tone, none of 

them sent yet

Facilitator review
edit, send or reject, always 

a person

kept, edited or rejected: that feedback improves future drafts

•   Trained on 3,900 cleaned pairs of real posts and facilitator replies, plus 2,313 forum threads, written by 46 Hope facilitators.
•   The manual is the rulebook: reflect back, ask one open question, never advise or diagnose.
•   Everything runs on our own hardware, so no participant text leaves the machine.
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DRAFTING ENGINE · SMALL LANGUAGE MODELS

Drafting replies that sound like Hope

0.873 0.872 0.871 0.871 0.870

0.845

0.80

0.81

0.82

0.83

0.84

0.85

0.86

0.87

0.88

Qwen3.5-4B Qwen3-4B Qwen3-8B Qwen3-1.7B Qwen3-0.6B Gemma-4-E4B

Reply quality (BERTScore): forum-trained roster (n=1,228)
•   8 open models fine-tuned with QDoRA on 

more than 3,900 real pairs of Hope posts 
and replies, using programme data only with 
no synthetic augmentation.

•   Qwen3.5-4B is the deployed default, with the 
top BERTScore of 0.873.

•   Qwen3-4B ties it within noise, 0.001 apart, 
and has the best goal-setting fidelity.

•   Safety held across every model, with no 
medical advice, no diagnosis and no links. A 
person always sends.

Cleaning mattered. An audit caught drafts congratulating goals that had not been attempted yet, and retraining on cleaned pairs cut this from about 30% to 1% of drafts, re-
ordering the model ranking.
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WHAT THIS MEANS IN PRACTICE

Three things a programme can act on

1
Get the first activity written
646 people browsed but never wrote. 
That first piece of writing is the single 
biggest lever we found, and it is the 
moment to spend effort on.

2
Get people into a conversation 
early
Posting in the forum within 14 days 
tracks with 93.0% completion. 
Prompting an early reply is cheap and it 
is protective.

3
Spread facilitator time wider
Presence matters more than polish. 
Reaching everyone briefly beats writing 
a perfect reply to a few.

The AI exists to make those three things possible at cohort scale, with a facilitator deciding every time.

HOPE-MOVE 21



LIMITATIONS & NEXT STEPS

Honest science, careful rollout

What we're careful about

•   Observational data, so writing may signal 
commitment rather than cause completion.

•   One UK platform and provider, so findings need 
revalidation elsewhere.

•   Week-1 risk scores rank well but are not yet 
calibrated probabilities.

•   No demographics in the data, so a fairness audit is a 
precondition for clinical use.

•   The dashboard holds no models and no participant 
database, and credentials stay server-side.

Where this goes next

•   Learn from facilitator edits, so that kept, edited and 
rejected drafts become training signal.

•   Validate on other programmes and new cohorts, which 
is the claim most in need of replication.

•   Agree alert thresholds with each service, since the 
balance between catching people and false alarms is 
theirs to set.

Nothing reaches a participant without a facilitator deciding to send it.
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Thank you
HOPE-MOVE: AI to help facilitators keep people engaged and supported.

Matthew England:  Matthew.England@coventry.ac.uk
Michael Ajao-Olarinoye: ae6780@coventry.ac.uk 
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