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Abstract 025

Digital health platforms often deliver the same content to every patient, which 026

limits engagement. Recommender systems could tailor care plans, medications 027

and procedures to the individual, but evaluations in health settings often lack 028

strong baselines, select hyperparameters on test data, or rely on a single ran- 029

dom split. We built a catalogue of 300 recommendable interventions from the 030

April 2020 Synthea sample of 1,171 synthetic patients and compared nine rec- 031

ommenders: random and popularity baselines, content-based filtering on clinical 032
reason codes (CBF), CBF with data-derived item profiles (CBF-D), user-based

nearest-neighbour collaborative filtering (kNN), the linear autoencoder EASE, 033

and three weighted hybrids. All hyperparameters were tuned on validation data 034

carved from training only. We report patient-level bootstrap confidence intervals, 035

paired tests, random and temporal splits, ten split seeds, cohort sizes from 113 036

to 1,171 patients, subgroup performance and a cold-start scenario. The CBF + 037

kNN hybrid outperformed both of its components (NDCG@10 0.692 versus 0.643 038

for kNN and 0.319 for CBF) with a selected content weight of 0.3. However, the 039

tuned EASE baseline scored higher (0.754), and the best model combined CBF-D 040

with EASE (0.787, 95% CI 0.773-0.802). Under the temporal split, every hybrid 041

outperformed every single-signal model, including EASE. A popularity baseline 042

reached a hit ratio of 0.682 while covering only 9.3% of the catalogue. Hybrid 043
recommendation is a sound basis for personalised engagement, but strong base-

lines and leakage-free tuning are needed to measure its benefit. Validation on 044

real records with engagement outcomes is the next step. 832
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1 Introduction

Patient engagement, the extent to which people take an active part in their own care,
is consistently associated with better adherence, outcomes and care experiences [1, 2].
Digital health platforms have widened the channels through which engagement can be
supported, yet many still deliver generic content that ignores the individual patient’s
conditions, history and preferences [3]. Stakeholders repeatedly name personalisation,
relevance and trust as the conditions under which patients engage with digital tools
[3, 4], and artificial intelligence (AI) is increasingly proposed as the means to provide
them, from engagement estimation in telehealth [5] and patient-centred clinical deci-
sion support [6] to personalised treatment platforms [7] and generative conversational
agents [8].

Recommender systems are the most established Al technique for personalisation.
Health recommender systems (HRS) adapt the content-based, collaborative and hybrid
approaches of e-commerce and media to suggest health information, behaviours or
interventions [9-11]. Systematic reviews, however, describe a field in which evaluation
is heterogeneous and frequently weak: many systems are assessed on small samples,
without comparison to simple baselines, and with little attention to reproducibility
[12, 13]. The wider recommender-systems literature has shown that such practices can
make new methods appear better than they are. Well-tuned simple baselines often
match or beat sophisticated models [14, 15]. Tuning on test data, random rather than
temporal splits and sampled metrics inflate results [16-18]. Popularity effects can
masquerade as personalisation [19, 20].

This article develops an MSc project that designed a hybrid recommender for per-
sonalised patient engagement on Synthea synthetic electronic health records (EHRs)
[21] and embedded it in a prototype platform, Engage. The project made three design
choices that we retain. It defined recommendable interventions by pooling care plans,
medications and procedures into a single catalogue. It combined content-based and
collaborative scores in a weighted hybrid. It surfaced each recommendation with its
clinical rationale. Its evaluation on 113 patients reported that the hybrid outperformed
both component models with a content weight of & = 0.3. That evaluation had no
popularity or random baseline, used one random split without uncertainty estimates,
and selected o on scores that coincided with the held-out test results. Here we re-
implement the pipeline on a larger, versioned public Synthea release and subject it to
an evaluation designed to the standards of current recommender-systems research.

Our contributions are:

1. A reproducible method, with released code, for turning Synthea-style EHR
tables into a catalogue of recommendable interventions and a patient—intervention
interaction matrix.



2. A leakage-free comparison of nine recommenders, including popularity and the
strong linear baseline EASE [22], under random and temporal splits, with bootstrap
confidence intervals and paired significance tests.

3. An enhanced content model (CBF-D) that derives item profiles from the condi-
tions of patients who received each intervention. It addresses the incomplete reason
coding that limited the original content-based model.

4. Robustness evidence on split seeds, cohort size (including the original n = 113),
demographic subgroups and cold-start recommendation for newly enrolled patients,
together with a description of how the findings inform the Engage prototype.

2 Related work

Health recommender systems.

Wiesner and Pfeifer framed HRS as systems whose recommended items are medically
relevant and whose users may be patients or professionals [9]. Subsequent work distin-
guished health-aware recommendation, which must weigh benefit and risk rather than
click-through [10]. It also catalogued applications in health promotion, lifestyle change,
medication and care-pathway recommendation [11-13]. De Croon et al. reviewed 73
HRS studies and found that most evaluated only algorithmic accuracy, often on small
or proprietary data sets, with few user studies [13]. Equity and trust are recurring con-
cerns: Al-enabled engagement tools can widen disparities if their data under-represent
groups [23, 24], and patients’ willingness to act on Al advice depends on transparency
and explanation [4, 25, 26].

Content-based, collaborative and hybrid recommendation.

Content-based filtering (CBF) matches item descriptors to a user profile [27]. It handles
new items but depends on the quality of item metadata. Collaborative filtering (CF)
exploits co-occurrence across users, classically through user-based neighbourhoods
[28]. More recently, linear item-item models such as EASE learn the full item-item
weight matrix in closed form and are competitive with deep models [14, 22]. Hybrids

combine the two to offset each other’s weaknesses, most simply by weighted score
blending [29].

Offline evaluation.

Ranking metrics such as precision, recall, normalised discounted cumulative gain
(NDCG) [30] and hit ratio are standard [31], but their values depend heavily on proto-
col. Random per-user holdout lets models learn from interactions that occurred after
the ones they must predict, whereas temporal splits better reflect deployment [16, 17].
Sampled-negative evaluation can reverse model rankings, so full-catalogue ranking is
preferred [18]. Reproducibility studies recommend tuned simple baselines, held-out
validation for hyperparameter selection, and repeated runs [14, 15].

Synthetic EHRs.

Synthea generates longitudinal patient records from disease modules informed by clin-
ical guidelines and population statistics [21]. Synthetic data avoid privacy constraints
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Fig. 1 Study pipeline. The intervention catalogue, weighted hybrid and Engage interface follow the
original MSc design; steps 4-5 and 7-9 add the evaluation safeguards described in Section 3.

and support reproducible method development [32]. However, Synthea’s realism is
limited: it reproduces many population-level patterns, but performs poorly on clin-
ical quality measures that depend on care variation and adherence [33]. Results on
Synthea are therefore best read as evidence about methods and pipelines rather than
about clinical effectiveness.

3 Methods
3.1 Study design

The study follows design science research [34]: an artefact (an intervention recom-
mender and its prototype interface) is designed to address a practical problem and
evaluated rigorously. Figure 1 summarises the pipeline. All analyses are implemented
in a single script. After a first run, two changes were made: the neighbourhood-size
grid was widened because the selected value lay at its upper edge, and a CBF-D +
EASE hybrid (Hybrid-E) was added because EASE was the strongest single model.
Both changes are reported, and neither involved the test data in model selection.

3.2 Data

We used the Synthea sample data set in CSV format, April 2020 release [35]. It contains
1,171 synthetic patients resident in Massachusetts with records to 28 April 2020. The
release is fixed and publicly downloadable, so every number reported here can be
regenerated. Patients’ age was computed at death or at the latest encounter date in the
data set. The original project used a smaller Synthea extract of 113 patients; Table 1
compares the two.



3.3 Intervention catalogue and interactions

Synthea does not label recommendable items. As in the original project, we pooled
three record types as interventions: care plans, medications and procedures. Each
unique (source type, clinical code) pair defines one catalogue item. Immunisations were
excluded because they follow a fixed schedule. Each item carries the set of reason codes
recorded with it, where present. The interaction matrix X € {0,1}™*™ has z;; = 1
if patient ¢ ever received intervention j, and we keep the date of first receipt for the
temporal split. Each patient’s condition profile c; is a multi-hot vector over condition
codes.

3.4 Recommendation models

All models score every catalogue item a patient has not received in the training data,
and the top K are recommended. Scores are ranked against the full catalogue; no
negative sampling is used [18].

Baselines.

Random draws uniform scores. Popularity ranks items by the number of training
patients who received them, so every patient receives the same list.

Content-based filtering (CBF).
This is the dissertation’s design. A patient is represented by their condition profile
concatenated with the proportions of their training interventions from each source
type, p; = [c;; 8;]. An item is represented by its reason codes in the same condition
vocabulary concatenated with a one-hot source indicator, r; = [g;; e,]. The score is
cosine similarity,
-

~CBF b; Ty
ggPr = Pl M)
Y [1ps| x5l

CBF with data-derived item profiles (CBF-D).

Items without a reason code have no clinical content under CBF. CBF-D instead
describes each intervention by the inverse-document-frequency-weighted mean condi-
tion profile of the training patients who received it,

2% (cy O W) 1+m
= c=log——— +1 2
q] uerJ 9 We Og1+dfc + ) ( )
CBF-D

and scores §;; = cos(c; ©® w, q;). The model still matches a patient’s conditions
to item content, but the content is learned from training data rather than taken from
incomplete coding.

User-based collaborative filtering (kNN).

This follows the dissertation. Patient similarity is the cosine of training interaction
rows, and a patient’s score for item j is the similarity-weighted average over the k
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FEASE.
As a strong collaborative baseline, EASE learns an item—item weight matrix with a

zero diagonal in closed form, B = I—P diagMat(10diag(P)) with P = (XTX+A\I)~,
and scores Y = XB [22].

Weighted hybrids.

Following the dissertation, content and collaborative scores are min—max scaled over
each patient’s candidate items and blended [29]:

gt = agt et + (1) g™, 0<a<l. (4)
Hybrid combines CBF with kNN, as in the dissertation. Hybrid-D combines CBF-D
with kNN, and Hybrid-E combines CBF-D with EASE.

3.5 Evaluation protocol

Outer splits.

The primary protocol reproduces the dissertation’s random split: for every patient
with at least five interventions, 20% of their interventions (at least one) are withheld
at random as test items. Patients with fewer than five interventions remain in training
only. As a sensitivity analysis, a temporal leave-latest-out split withholds the most
recent 20% of each patient’s interventions by first-receipt date [17]. Items first received
on the cutoff date are also withheld. Only conditions with onset before the cutoff enter
that patient’s profile.

Leakage-free tuning.

Hyperparameters are selected on an inner split constructed by applying the same
procedure to the training data. Grids are k € {5, 10,15, 20, 30,50, 75, 100, 150}, A €
{10, 50, 100, 250, 500, 1000} and « € {0,0.1,...,1}, with NDCG@10 as the criterion.
Models are then refitted on the full training data and scored once on the test items,
which are never used for selection.

Metrics.

For each evaluated patient with relevant test set T; and top-K list LX we compute pre-
cision |[LENT;|/K, recall |LEXNT;|/|T;|, hit ratio ¥[|LEXNT;| > 0] and NDCGQK with
binary relevance [30], at K € {5,10, 20}, then average over patients. Beyond accuracy,
catalogue coverage is the share of items appearing in any top-10 list. Personalisation
is one minus the mean pairwise Jaccard overlap of top-10 lists [20].



Statistics.

We report 95% confidence intervals from 2,000 patient-level bootstrap resamples. Mod-
els are compared with paired Wilcoxon signed-rank tests on per-patient NDCG@Q10,
with Holm adjustment within each family of comparisons. NDCG@10 is the primary
end point; other metrics are secondary.

3.6 Robustness analyses

Split seeds: the random protocol, including inner tuning, was repeated with ten further
seeds. Cohort size: to connect with the original 113-patient study and to examine data
scarcity, the full pipeline was rerun on 20 random patient subsamples each of size 113,
250 and 500. Subgroups: Hybrid and Hybrid-D NDCG@10 were stratified by recorded
sex, race, ethnicity and age band to screen for performance disparities [19, 24]. Cold
start: the Engage prototype onboards new patients who have no intervention history.
We simulated this with five folds over patients. Each held-out patient was scored using
only their condition list. The comparators were popularity, CBF (with the training
cohort’s mean source mix), CBF-D, and a condition-based nearest-neighbour model
(Condition-kNN), which averages the interventions of the k training patients with the
most similar IDF-weighted condition profiles.

3.7 Prototype

The original project implemented the recommender in Engage, a self-contained offline
web prototype with role-based views. Care-team users see a ranked list of interventions
for each patient, each annotated with its clinical rationale (the matched condition
or reason code), and can compare the underlying engines for governance purposes.
Patients see plain-language suggestions they can act on and track. Newly enrolled
patients receive cold-start recommendations. The prototype stores data only in the
local browser and has no authentication or live EHR connection. It is described here
as a design demonstration and was not part of the quantitative evaluation.

3.8 Implementation

Analyses were implemented in Python 3.14 with NumPy, pandas, SciPy and Mat-
plotlib. The full pipeline (all experiments) runs in about one minute on a laptop
CPU. Code, the data checksum (SHA-256 4194b18c. . .cd38a) and all result files are
provided as Online Resource 2.

3.9 Ethics

The study used only fully synthetic, publicly released records and involved no human
participants or personal data, so ethical approval was not required.
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Table 1 Cohort, intervention catalogue and evaluation splits. The dissertation column reports the
values stated in the original MSc study (a different, smaller Synthea extract) for comparison.

Characteristic

This study®

Dissertation

Patients 1,171 113
Female / male 609 / 562 60 / 53
Deceased 171 NR
Age, mean (SD), years 41.6 (24.3) 48.2 (27.2)
White / Black / Asian / other 965 / 101 / 90 / 15 9/7/6/1
Hispanic ethnicity 113 NR

Encounters 53,346 7,210

Condition records (distinct codes) 8,376 (129) 4,748 (201)

Source records: care plans 3,483 334
medications 42,989 8,180
procedures 34,981 20,527

Catalogue items (total) 300 418

care plans / medications / procedures
with >1 reason code

32 /131 / 137
180 (60.0%)

31 /150 / 237
208 (49.8%)

Patient—item interactions 17,985 4,307”
per patient, mean (median) 15.4 (11) 38.1 (35)
matrix density 5.1% 7.3%°

Random split: train / test interactions 14,500 / 3,485 3,456 / 851
patients evaluated 1,004 109

Temporal split: train / test interactions 13,798 / 4,187 -
patients evaluated 1,004 -

NR, not reported. “Synthea sample data, April 2020 release (CSV). ®Train plus test interactions. As
reported; 4,307 interactions over 113 x 418 cells imply a density of 9.1%.

4 Results

4.1 Cohort and catalogue

Table 1 describes the cohort. The 300-item catalogue comprised 32 care plans, 131
medications and 137 procedures; 180 items (60.0%) carried at least one reason code,
ranging from 58 of 131 medications to 27 of 32 care plans (Fig. 2b). Patients had
received a median of 11 distinct interventions (mean 15.4), giving a matrix density
of 5.1%. Item popularity was highly skewed: medication reconciliation was recorded
for 98.4% of patients and 9 items reached at least 20%, whereas 211 of the 300 items
reached fewer than 5% (Fig. 2c¢). The random split withheld 3,485 interactions from
1,004 patients; the temporal split withheld 4,187 from the same 1,004 patients.

4.2 Hyperparameter selection

On inner validation data, the CBF + kNN hybrid peaked at @ = 0.3 (validation
NDCG@10 0.523, against 0.485 for kNN alone at a = 0 and 0.259 for CBF alone at
a = 1; Fig. 3). This reproduces the weight reported in the dissertation, now selected
without access to test data. The hybrids using data-derived content preferred more
content weight (o« = 0.5 for both Hybrid-D and Hybrid-E). Across ten further split
seeds the selected values were stable (o 0.3-0.4 for Hybrid; Table S3).
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Fig. 2 Cohort and catalogue. a Distinct interventions per patient. b Catalogue items by source, split
by whether a reason code is recorded. ¢ Share of patients receiving each item, ranked (log scale).
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Fig. 3 Inner-validation NDCG@I10 as a function of the content weight « for the three hybrids
(random split, seed 2026). Open circles mark the selected values. a = 0 is the collaborative model
alone and a = 1 the content model alone.

4.3 Model comparison

Table 2 and Fig. 4 give top-10 performance. Under the primary random split, the dis-
sertation’s Hybrid reached NDCG@10 0.692 (95% CI 0.675-0.708). This was higher
than both of its components, kNN (0.643) and CBF (0.319), with paired differ-
ences of 40.049 and 40.372 (both prom < 0.001; Table S5), confirming the original
study’s central finding. CBF performed no better than popularity on NDCG@10 (0.319
versus 0.314). Replacing reason codes with data-derived profiles raised content-only
NDCG®@10 to 0.430 and Hybrid-D to 0.724.

The tuned EASE baseline, which the original study did not include, outperformed
the dissertation’s Hybrid (0.754 versus 0.692; difference —0.062, ppom < 0.001).
Adding CBF-D to EASE improved it further: Hybrid-E achieved the best scores on
every top-10 accuracy metric (NDCG@Q10 0.787, 95% CI 0.773-0.802; P@10 0.284;
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Table 2 Top-10 recommendation performance on held-out interventions. Values are means over
evaluated patients; NDCG@10 is shown with its 95% patient-level bootstrap confidence interval.
Coverage is the share of the 300-item catalogue appearing in any top-10 list. Hit ratio, results at
K =5 and K = 20, and personalisation for both splits are in Online Resource 1 (Tables S1-S2).

Random split (primary; n = 1,004) Temporal split (n = 1,004)
Model P@10 R@10 NDCGQ10 Cov. R@10 NDCGQ10 Cov.
Random 0.011 0.030 0.017 (0.013-0.021) 1.000 0.030 0.024 (0.019-0.028) 1.000
Popularity 0.100 0.368 0.314 (0.294-0.332) 0.093 0.222 0.186 (0.171-0.203) 0.110
CBF 0.158 0.469 0.319 (0.305-0.334) 0.773 0.376 0.283 (0.267-0.301) 0.727
CBF-D 0.175 0.604 0.430 (0.412-0.449) 0.990 0.450 0.339 (0.320-0.359) 0.910
User-kNN CF 0.246 0.733 0.643 (0.625-0.662) 0.700 0.438 0.357 (0.338-0.376) 0.427
EASE 0.278 0.827 0.754 (0.737-0.769) 0.747 0.461 0.374 (0.354-0.392) 0.477
Hybrid 0.257 0.783 0.692 (0.675-0.708) 0.877 0.524 0.421 (0.400-0.441) 0.763
Hybrid-D 0.266 0.812 0.724 (0.708-0.740) 0.973 0.561 0.456 (0.437-0.475) 0.907
Hybrid-E 0.284 0.854 0.787 (0.773-0.802) 0.987 0.577 0.471 (0.451-0.490) 0.893
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Fig. 4 Top-10 accuracy of all nine models under the random (primary) and temporal splits. Points
are means over evaluated patients; bars are 95% patient-level bootstrap confidence intervals.

R@10 0.854; difference from EASE +0.034, proim < 0.001). Hybrid-E was also best
on every metric at K =5 and K = 20 (Table S1).

Hit ratio separated models poorly. Popularity, which gives every patient the same
list, achieved HR@10 of 0.682, and all collaborative and hybrid models exceeded 0.93.
The beyond-accuracy metrics showed what popularity sacrifices: it covered 9.3% of
the catalogue, against 87.7% for Hybrid and 98.7% for Hybrid-E, and its lists were far
less individualised (personalisation 0.448 versus 0.886 and 0.935).

4.4 Temporal split

Predicting each patient’s most recent interventions from their earlier history was
harder for every model (Table 2). It also changed the ranking. Collaborative signals
weakened most: kNN fell to NDCG@10 0.357 and EASE to 0.374, with coverage of

10
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Fig. 5 Effect of cohort size (random split). a Test NDCG@10, mean £+ SD over 20 subsamples per
size; n = 1,171 is the full cohort. b Content weight « selected on inner validation data for the CBF
+ kNN hybrid.

42.7% and 47.7%. Content-based models degraded less. Every hybrid now outper-
formed every single-signal model, including EASE: Hybrid 0.421 (0.400-0.441; +0.047
versus EASE, phoim < 0.001), Hybrid-D 0.456 and Hybrid-E 0.471 (0.451-0.490).
With temporal selection, the Hybrid content weight rose to a = 0.4 (Table S3).

4.5 Robustness

Across ten further random-split seeds, NDCG@10 varied little: SDs were 0.011 or
less for every model, and the ranking of mean scores matched the primary analy-
sis (Table S4). Performance rose with cohort size for all collaborative and hybrid
models (Fig. 5a; Table S6). At the dissertation’s size of 113 patients, Hybrid (mean
NDCG@10 0.583) clearly beat kNN (0.519) and was close to EASE (0.591), while
Hybrid-E remained best (0.635). The selected content weight fell as data grew, from
a mean « of 0.49 at n = 113 to 0.30 at n = 1,171 (Fig. 5b). Content information
mattered most when collaborative evidence was scarce.

Subgroups.

Hybrid NDCG@10 was similar across recorded sex (female 0.702, 95% CI 0.680—
0.723; male 0.679, 0.652-0.705), race, ethnicity and age band (Fig. 6; Table S7).
Every subgroup’s confidence interval included the overall mean of 0.692. The small
“other /native” group (n = 15) had a wide interval, so no inference can be drawn for it.

4.6 Cold start

For newly enrolled patients scored on their condition list alone, Condition-kNN was
most accurate (NDCG@10 0.798, 95% CI 0.788-0.808; P@10 0.612; Table 3). CBF-D
(0.566) outperformed popularity (0.538), whereas reason-code CBF did not (0.471).
Popularity achieved a near-perfect hit ratio (0.996) because almost every patient
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Fig. 6 Hybrid NDCG@10 by subgroup (random split), with 95% bootstrap confidence intervals.
The dashed line is the overall mean.

Table 3 Cold-start performance for newly enrolled patients with no intervention history
(n = 1,167, five folds over patients). Only the patient’s condition list is used; relevance is every
intervention the patient went on to receive. Values are means; NDCG@10 with 95% bootstrap CI.

Model P@10 R@10 NDCG@10 HR@10
Popularity 0.346 0.370 0.538 (0.528-0.549) 0.996
CBF (reason codes) 0.417 0.334 0.471 (0.457-0.485) 0.930
CBF-D (data-derived profiles) 0.468 0.442 0.566 (0.553-0.580) 0.969
Condition-kNN 0.612 0.570 0.798 (0.788-0.808) 0.985

received at least one of the commonest interventions, again showing that hit ratio
alone is not informative here.

5 Discussion

5.1 Principal findings

This re-evaluation confirms the central result of the original MSc study and puts it in
context. With hyperparameters selected on validation data only, the weighted hybrid of
content-based and user-based collaborative filtering outperformed both components on
a cohort ten times larger. The selected content weight was the same o = 0.3. The mag-
nitude of the benefit, however, depended on what the hybrid was compared with and
how the data were split. A tuned linear collaborative model (EASE) outperformed the
original hybrid under the random split. Hybridisation still helped: adding data-derived
content to EASE produced the best model overall. Under the more deployment-like
temporal split, all three hybrids outperformed all single-signal models. Predicting a
patient’s next interventions from their earlier history evidently needs both signals:
patients who are similar so far, and the clinical conditions that drive what comes next.

Two further results matter for the original design. First, reason-code CBF was no
better than popularity, because 40% of catalogue items, mostly medications, carry

12



no reason code. Learning item content from the conditions of their recipients (CBF-
D) removed most of this deficit without external ontologies. This is a lightweight
alternative to the SNOMED CT mapping proposed in the dissertation. Second, the
relationship between cohort size and selected « suggests a practical rule: platforms
with few patients should weight content more heavily and recalibrate « as their data
grow. Engage already exposes « as a configurable setting for this purpose.

5.2 Methodological lessons

Several features of typical HRS evaluations would have misled us here. Hit ratio was
uninformative: a non-personalised popularity list hit at least one relevant intervention
for 68% of patients in the main evaluation and for nearly all new patients in the
cold-start test. The original study’s hit ratios of 0.83-0.99 should be read in that
light. Without a strong baseline, the hybrid would have appeared to be the best
available model. Tuning on test data inflates every tuned model, and the original
tuning curve coincided with its test results. Patient-level confidence intervals, paired
tests and repeated splits cost little and showed that the main differences here are large
relative to sampling variation. These lessons echo reproducibility studies in mainstream
recommender research [14-16] and the call for more rigorous HRS evaluation [13].

5.3 Implications for engagement platforms

For a platform such as Engage, the results support three design choices. The first is
a hybrid default engine, with Hybrid-E preferred where a linear item model can be
maintained. The second is a dedicated cold-start path based on condition similarity for
newly enrolled patients. The third is per-item rationales. CBF-D’s item profiles also
yield an explanation: the conditions most characteristic of the patients who received
an intervention. This supports the transparency that patients and clinicians expect of
Al-enabled engagement tools [4, 25, 36]. Monitoring beyond-accuracy metrics guards
against popularity collapse, in which every patient is shown the same routine items,
a failure that accuracy metrics can hide.

5.4 Limitations

First, all data are synthetic. Synthea’s disease modules generate interventions from
guideline-like rules, so models partly learn the generator’s logic, and real records con-
tain variation, non-adherence and documentation gaps that Synthea under-represents
[32, 33]. Absolute scores should not be expected to transfer. Second, relevance is
defined as received interventions, an imperfect proxy for interventions that are clin-
ically appropriate or that patients would engage with. Neither engagement nor
outcomes were measured, so the study shows recommendation accuracy, not improved
engagement. Third, the subgroup analysis reflects the demographic make-up of a syn-
thetic Massachusetts population, with small minority groups, and cannot establish
fairness in real populations. Fourth, the temporal split is per patient: collaborative
models may learn from other patients’ interactions dated after a given patient’s cutoff.
Fifth, the Engage prototype was not evaluated with users, and it lacks authentication,
a secure back end and EHR integration.
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5.5 Future work

Validation on de-identified real EHR data with appropriate governance is the essen-
tial next step, ideally with an outcome closer to engagement, such as uptake
of recommended care-plan activities. Clinical safety constraints (contraindications,
guideline conformance) should be added before any patient-facing use, consistent with
health-aware recommendation [10]. Finally, a user study with clinicians and patients
should assess the usability, trust and actionability of Engage’s recommendations and
explanations.

6 Conclusion

Hybrid recommendation of care plans, medications and procedures from EHR data is
a sound basis for personalising digital patient engagement. Under leakage-free evalua-
tion, a weighted hybrid beat its components; adding data-derived content to a strong
linear collaborative model gave the best results; and hybridisation mattered most in
the realistic temporal setting and for small cohorts. These conclusions rest on strong
baselines, validation-only tuning and uncertainty estimates, which we recommend as
minimum practice for health recommender evaluation. Confirmation on real patient
records, with engagement outcomes, should come before clinical deployment.

Supplementary information. Online Resource 1 (PDF) contains Tables S1-S7.
Online Resource 2 (ZIP) contains the analysis code, the data download script and
checksum, and all result files.
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