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Abstract
Automatic extraction of behavioral goals from health coaching notes is essential for scalable monitoring of coaching
programs, yet training data is scarce and exhibits substantial domain shift across programs. We collect and
annotate 157 notes from a coaching program and show that models trained on the only existing public corpus,
SMARTSpan (173 notes), suffer a drop of up to 30 percentage points in exact-match F1 when transferred to
our data. To address this, we propose a factorized synthetic data generation pipeline that decomposes note
variation into three largely independent axes (health coach documentation structure, patient goal content, and
patient persona), extracts empirical priors from a small in-domain seed set, and samples from them to generate
diverse synthetic notes with embedded goal-span labels validated via cycle-consistency filtering. In low-resource
experiments with only 57 in-domain training notes, our approach outperforms rephrasing and back-translation
baselines on both exact-match and partial-match F1. Ablation analysis demonstrates that augmentation must
target the in-domain distribution to be effective, and a human evaluation confirms that synthetic notes are
structurally faithful, with detection driven by surface artifacts rather than content or organizational flaws. All code
and generated data will be published at the following GitHub repository: cl4health-factorized-augmentation.

Keywords: health coaching, synthetic data generation, domain adaptation, goal span extraction, low-resource NLP,
data augmentation

1. Introduction

Health coaching is a person-centered intervention
that supports prevention, self-management, and
sustained behavior change in individuals at risk
of chronic disease (Wolever et al., 2013; Lough-
nane et al., 2025), with demonstrated benefits for
physical activity, cardiovascular risk, and quality of
life (Olsen and Nesbitt, 2010; Kivelä et al., 2014).
Central to behavioral coaching is the formulation
of Specific, Measurable, Attainable, Relevant, and
Time-bound (SMART) goals, which support clients
in maintaining momentum between sessions and
adhering to agreed actions (Doran, 1981; Wallace
et al., 2018; White et al., 2020; Bahrami et al.,
2022). Health coaches record these goals in free-
text session notes (Gupta et al., 2021; Bojic et al.,
2025), making automatic extraction of goal spans
a prerequisite for scalable monitoring and evalu-
ation (Flocke and Stange, 2004; Bowman et al.,
2015; Zhou et al., 2024; Loughnane et al., 2025).

Training span extraction models for this task is
hampered by the lack of suitable annotated data.
Conversational and counseling corpora emphasize
emotional support or dialogue structure rather than
measurable behavior change (Malhotra et al., 2022;
Xu et al., 2025; Qi et al., 2025), and resources
that do include goal-related content are often small,
narrowly scoped, or limited to short text-based in-
teractions (Gupta et al., 2020, 2021; Zhou et al.,

2024). The closest publicly available resource,
SMARTSpan (Bojic et al., 2025), provides 173 an-
notated notes from a single randomized controlled
trial targeting cardiovascular risk reduction through
statin adherence and lifestyle modification among
patients with hyperlipidemia. To assess transfer-
ability, we collect and annotate a new corpus of 157
notes from 56 clients seen by three health coaches
in a separate coaching program. Retraining the
SpanQualifier-based (Huang et al., 2023) bench-
mark models from SMARTSpan (Bojic et al., 2025)
and evaluating them on our corpus reveals a sharp
performance drop (Table 1), and a t-distributed
Stochastic Neighbor Embedding (t-SNE; van der
Maaten and Hinton 2008) projection of note embed-
dings confirms that the two corpora occupy distinct
regions of the representation space (Figure 1).

Given the cost of full-scale annotation, a natu-
ral alternative is to augment limited in-domain data
with synthetic examples. However, surface-level
augmentation methods such as paraphrasing or
back-translation are insufficient because variation
in health coaching notes is not purely lexical—such
variation arises from the interaction of health coach-
specific documentation structure, patient-specific
goal content, and persona context. We propose
a corpus-grounded generation pipeline that factor-
izes these axes, extracts empirical priors from a
small set of in-domain notes, and samples from
them to produce diverse synthetic notes with em-
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bedded goal-span labels. A cycle-consistency filter
ensures label quality before the synthetic data is
used for training.

The contributions of this work are as follows:

1. Factorized Augmentation Pipeline: We pro-
pose a corpus-grounded generation pipeline
that decomposes health coaching note vari-
ation into structure, goal content, and per-
sona axes before extracting empirical priors
from a small in-domain corpus, and sampling
from them to produce diverse synthetic notes
with embedded goal-span labels validated via
cycle-consistency filtering.

2. Comprehensive Low-Resource Evaluation:
We conduct systematic experiments across
multiple training regimes and ablation settings,
demonstrating that factorized generation con-
sistently outperforms general-purpose aug-
mentation baselines and recovers strong span
extraction performance from limited in-domain
data.

3. In-Domain Enrichment: We demonstrate that
factorized generation also improves perfor-
mance when applied within an established cor-
pus, indicating that the pipeline provides value
beyond cross-domain adaptation by enrich-
ing the training signal even in well-resourced
single-domain settings.

2. Method

2.1. Data
Our dataset comprises 157 health coaching ses-
sions collected from 56 unique clients and delivered
by three professional health coaches. All notes are
written in English. Sessions were conducted as
part of a structured health coaching program in-
volving education, medication adherence support,
and behavioral goal setting, with clients participat-
ing in repeated follow ups over time (mean = 2.82
± 1.73 sessions per client). Among the 55 clients
with available demographic information, 28 (50.9%)
were male. The majority were of Chinese ethnicity
(n = 43, 78.2%), followed by Malay (n = 5, 9.1%), In-
dian (n = 3, 5.5%), and other ethnic backgrounds (n
= 4, 7.3%). Participants were middle-aged to older
adults, ranging from 22 to 77 years (mean = 57.3 ±
10.3), reflecting a population typically targeted for
long-term lifestyle modification and chronic disease
prevention interventions. Table 2 summarizes key
characteristics of our dataset in comparison with
SMARTSpan, highlighting differences in note length,
goal density, and overall structure.

Our 157 notes were annotated for goal spans fol-
lowing guidelines aligned with those of Bojic et al.

(2025) including, for instance, removing leading
function words such as to from span boundaries.
The notes were randomly partitioned into three
equal subsets and distributed among three annota-
tors such that each note was independently labeled
by exactly two annotators. The annotators then met
jointly to review all notes on which any disagree-
ment had been identified (47 of 157 notes, affecting
175 of 509 goal-span comparisons) and resolved
for each case through discussion until full consen-
sus was reached. Inter-annotator agreement was
measured on the dual-annotated notes prior to ad-
judication: word-level Cohen’s κ = 0.94 overall
(0.92 - 0.96 across annotator pairs), and goal-level
F1 = 0.79 (0.77 - 0.81), indicating substantial agree-
ment on both token-level span boundaries and goal
identification. The adjudicated labels serve as the
gold standard for all experiments.

2.2. Data Generation
Health coaching notes exhibit variation along three
largely independent axes: the structure and style
imposed by the health coach’s documentation
habits, the semantic content determined by the
patient’s agreed goals, and the persona reflect-
ing the patient’s demographic, personal prefer-
ence, and contextual profile. Surface-level aug-
mentation methods such as paraphrasing and back-
translation operate only on the lexical form of ex-
isting notes and cannot introduce new patient per-
sonas, vary the structural patterns that characterise
different coaches, or alter the distribution of goal
attributes.

We therefore propose a corpus-grounded gener-
ation pipeline that factorizes these axes, extracts
empirical priors from the actual corpus, and sam-
ples from them to produce diverse, labeled syn-
thetic notes. The pipeline proceeds in two phases:
a corpus analysis phase that extracts distributional
priors along each axis of variation and a generation
phase that samples from those priors to produce
synthetic notes with embedded goal-span labels.
An overview of the above process is illustrated in
Figure 2.

2.2.1. Corpus Analysis

The corpus analysis phase performs three passes
over the real notes, one per axis of variation, to
extract the distributional priors that later guide syn-
thetic note generation. All extraction calls use Gem-
ini 3.0 Pro with temperature 0 to ensure determin-
istic outputs; the full prompts and output schemas
are provided in Appendix B.

Goal Attribute Enrichment. Each annotated
goal span within the corpus is processed individu-
ally to extract a structured set of attributes grounded



28

SMARTSpan dataset Our dataset

Model EM F1 PM F1 EM F1 PM F1

BERT-large-cased 90.21 ± 2.29 94.35 ± 2.80 62.39 ± 2.15 74.79 ± 3.41
DeBERTa-v3-large 97.56 ± 2.03 98.27 ± 1.34 71.85 ± 2.38 81.78 ± 3.39

Table 1: Cross-domain evaluation of models trained on SMARTSpan and tested on both datasets. Exact-
Match F1 (EM F1) requires predicted and gold spans to match exactly; Partial-Match F1 (PM F1) awards
credit proportional to token overlap. Results report mean ± standard deviation over five random data
splits.

Figure 1: t-SNE visualization of embeddings comparing the SMARTSpan dataset (Bojic et al., 2025)
(n = 173) and our collected dataset (n = 157). The distinct clustering highlights a significant domain shift
that explains the performance degradation of the baseline models.

SMARTSpan Our dataset
# notes 173 157
# health coaches 3 3
# goals 266 331
Goals per note (avg.) 1.5 2.1
Max goals per note 5 7
Goals per note (90th pct.) 3 4
Zero-goal notes 46 (26.6%) 41 (26.1%)
Words per note (avg.) 161 469
Characters per note (avg.) 1,052 2,678

Table 2: Dataset summary statistics for the
SMARTSpan and our datasets.

in the behavioral goal taxonomy of Hessler et al.
(2019). The whole note is used as context for each
goal’s extraction. Each span is assigned a goal type
from the five categories listed in Table 3, together
with the specific activity or behavior referenced and,
where present, optional attributes: location, time

Goal Type Description
Physical activity Exercise or movement goals
Dietary behavior Nutrition and eating goals
Med. adherence Taking prescribed medication
Substance use Reducing substance use
Self-monitoring Tracking health behaviors

Table 3: Goal type categories, following the taxon-
omy of Hessler et al. (2019).

of day, frequency (value and unit), duration (value
and unit), timeframe (type and text), conditionality,
and patient confidence (type and value). Notes
containing no goals receive a separate classifica-
tion by reason (Table 4). Corpus-wide frequency
distributions over all attribute values form the prior
from which goal configurations are sampled during
generation.
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Figure 2: Overview of the factorized synthetic data generation pipeline. The process begins with a
corpus analysis phase that decomposes real health coaching notes into independent axes of variation:
client persona, SMART goal content, documentation structure, and stylistic contrast. Empirical priors are
extracted from the corpus to populate respective libraries. During the generation phase, elements are
independently sampled from these libraries to assemble a target configuration. A Large Language Model
uses this configuration, alongside few-shot examples drawn from the corpus, to produce a synthetic note
with embedded goal span labels. Finally, a cycle-consistency validation step filters the output to ensure
label quality.

Reason Description
No-show Patient did not attend the session
Declined Patient declined to set goals
Review-only Session focused on reviewing goals
Other Other administrative reasons

Table 4: Zero-goal note classifications.

Structural Analysis. To model the health coach
structure axis, each note is decomposed into an
ordered sequence of functional sections. Section
types are drawn from a closed vocabulary of nine
categories defined in consultation with certified
health coaches based on the session checklist
used in clinical practice: weekly goals review, long-
term goals review, app usage review, journaling
review, goal setting, barriers discussion, patient in-
formation, generative moment (collaborative explo-
ration of values or new directions), and other. Each
section is additionally labeled with its format (num-
bered list, unordered list, or embedded narrative),
narrative voice (third person, first person, coach-
we, passive, or mixed), and dominant tense pattern
(primarily past, primarily future, or mixed). Post-
processing removes consecutive duplicate section
types.

From the resulting sequences, we construct a
first-order Markov chain over section types to model
how health coaches habitually organise their notes.

Let S = {s1, . . . , s9} denote the nine section types
and let end denote a terminal state. The chain com-
prises an initial-state distribution π0(s) = P (S1 =
s), a transition matrix P (s′ | s) for s, s′ ∈ S ∪{end},
and an empirical sequence-length distribution PL(ℓ)
estimated from the observed number of sections
per note. Transition probabilities are smoothed
using interpolated Kneser-Ney smoothing (Kneser
and Ney, 1995) with a discount factor d = 0.75. At
generation time, the target sequence length ℓ is first
drawn from PL, then the chain is forward-stepped
for exactly ℓ transitions starting from a section type
sampled from π0.

Persona Extraction. To model the patient axis
beyond goal content, each note is processed to
extract a structured set of persona elements de-
rived from commonly used definitions of sociode-
mographic factors (National Library of Medicine,
2024) and Social Determinants of Health as defined
by the World Health Organization (World Health
Organization, 2019). Social demographics are ex-
tracted as structured fields: age group, gender,
ethnicity, occupation, education level, marital sta-
tus, and income level. Four categories of con-
textual elements are extracted as free-text lists
using snake_case normalization to facilitate de-
duplication and frequency counting: social context
(e.g. lives_with_partner), economic context
(e.g. late_shifts), physical environment (e.g.
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access_to_gym), and individual characteristics
(e.g. routine_dependent). Results are aggre-
gated into a persona library recording unique ele-
ment sets and corpus-wide frequency distributions.
The compositional structure of this library allows
new patient descriptions to be assembled element-
by-element rather than copied from any real record,
supporting both diversity and privacy preservation.

2.2.2. Style Contrast Library

Health coach-level stylistic variation is captured
through a library of paired real and synthetic notes
ranked by stylistic divergence. A diverse subset
of real notes is selected from the corpus via strati-
fied round-robin sampling over (health coach, goal
count bucket) strata, maximizing coverage across
coaches and session types. For each selected note,
a synthetic twin is generated by Gemini 3.0 Pro
(T=1.0) using a configuration constructed directly
from that note’s own extracted attributes (goals,
structure, persona) rather than sampled from cor-
pus distributions. This grounds each twin to its
real counterpart, so that embedding distance be-
tween the pair predominantly reflects stylistic di-
vergence rather than content divergence. We note
that information lost during attribute extraction in-
troduces some residual content variation; however,
this information bottleneck is consistent across all
pairs, so the resulting noise is approximately uni-
form and does not systematically bias distance-
weighted sampling toward content-divergent pairs.

Both notes are embedded using Gemini Embed-
ding (Lee et al., 2025) and cosine distance is com-
puted per pair. During generation, a style contrast
pair is selected from the library with probability pro-
portional to its cosine distance, providing the gen-
eration model with a concrete positive (real) and
negative (synthetic) stylistic anchor.

2.2.3. Synthetic Note Generation

Each synthetic note is produced through a struc-
tured sampling and prompting procedure.

Configuration Sampling. For each note to gen-
erate, a full configuration is assembled by sampling
independently from the corpus-derived priors along
each axis.

Structure. The target number of sections ℓ is
drawn from the empirical length distribution PL. An
initial section type is sampled from π0, and the
chain is forward-stepped for ℓ transitions using the
Kneser-Ney smoothed transition matrix.

Goals. The number of goals is sampled from
the corpus distribution of goal counts. For each
goal, attributes are sampled sequentially: goal type
from the marginal corpus distribution, activity from
the type-conditioned activity list, and each optional

attribute a (frequency, duration, timeframe, condi-
tionality, confidence) sampled with null probability

P (a = ∅) = p̂
(a)
∅ =

|{g ∈ G : ag is absent}|
|G|

, (1)

where G is the set of all annotated goals in the
corpus. Conditional on a ̸= ∅, the value is drawn
from the empirical distribution of non-null values
for that attribute, preserving the realistic sparsity
observed in the corpus.

Persona. Social demographic fields are sam-
pled from corpus distributions, each with a per-field
null probability estimated analogously to Equation 1.
List-type persona categories are populated by first
drawing a count from the empirical count distri-
bution for that category, then sampling that many
elements without replacement from the category-
specific element library.

Few-shot examples. Five few-shot examples
are drawn from the corpus using a tiered filter re-
laxation strategy that prioritizes stylistic similarity
while ensuring availability: selection first attempts
to match on health coach identity, then relaxes suc-
cessively to note format, goal count, zero-goal rea-
son, and finally random selection.

Style contrast. A single style contrast pair is
injected into the prompt, selected from the precom-
puted library with probability proportional to the
cosine distance between the real note and the syn-
thetic note.

Prompt Construction and Generation. The
sampled configuration is assembled into a struc-
tured prompt and passed to Gemini 3.0 Pro (T=1.0).
Separate templates are used for goal-bearing and
zero-goal notes; the latter omits persona and struc-
ture sections, which are largely absent from no-
show or administrative records. The model returns
the full note text together with goal spans as exact
substrings in a single structured output call, elimi-
nating the need for post-hoc span alignment.

2.2.4. Cycle-Consistency Validation

Generated notes are filtered for label quality us-
ing a cycle-consistency criterion inspired by the
forward-backward consistency checks common in
unsupervised learning (Zhu et al., 2017). A sepa-
rate Gemini 3.0 Pro call independently re-extracts
goal spans from each generated note with no ac-
cess to the generation labels. Re-extracted spans
are compared against the generated labels using
token-level F1: for each generated goal span gi and
its best-matching re-extracted span ĝi, we compute

F1(gi, ĝi) =
2 | tok(gi) ∩ tok(ĝi) |
|tok(gi)|+ |tok(ĝi)|

, (2)
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where tok(·) denotes the token set of a span. The
note-level score is the mean F1 across all gener-
ated goals.

To account for noise in the re-extraction model
itself rather than genuine label errors, up to three
re-extraction trials are performed at T=0.7 and the
best score across trials is retained. A note is ac-
cepted only if this best score reaches a threshold
of 1.0, i.e. at least one re-extraction trial recovers
all generated labels exactly at the token level, with-
out adding or removing goals or text in any of the
goals. This strict criterion reflects the fact that train-
ing downstream models on partially incorrect span
labels introduces systematic noise into the learned
representations.

Under this protocol, approximately 20% of gener-
ated notes are rejected. Failed notes are saved with
their validation metadata and can be rechecked
under revised configurations without discarding
already-accepted examples. The generation loop
continues until a target number of accepted notes
is reached.

2.3. Experimental Setting
Data Splits. From our 157-note corpus we ran-
domly sample 57 notes for training and reserve
the remaining 100 as a held-out test set. The 57-
note training set is deliberately small to simulate
the realistic low-resource scenario in which a new
health coaching program (or an existing program
undergoing severe distribution shift after, for in-
stance, onboarding several new health coaches)
can only afford limited annotation effort. The full
SMARTSpan corpus (173 notes) serves as the out-
of-domain training resource. For experiments eval-
uated on the SMARTSpan test set (Table 6), we
follow a 60/20/20 train/validation/test split over the
173 notes, repeated five times with different random
partitions. Synthetic notes whose source examples
overlap with the test fold are excluded from training
and validation to prevent data leakage.

Augmentation Conditions. We compare three
augmentation strategies applied to the 57 in-
domain notes:

• Rephrasing: each note is rewritten by Gem-
ini 3.0 Pro with instructions to paraphrase the
text while jointly paraphrasing and extracting
the goal spans.

• Backtranslation: each note is translated from
English to a language selected at random from
a list comprised of all languages that appear
in more than 1% of the available text on the
internet (Statista, 2025), and back using Gem-
ini 3.0 Pro, with a post-processing step that re-
aligns goal-span boundaries to the backtrans-
lated text via fuzzy string matching.

• Ours (factorized generation): synthetic
notes are generated following the pipeline de-
scribed in Section 2.2, using the 57 in-domain
notes as the analysis corpus.

Each method produces 200 synthetic notes per
condition. When augmentation is applied to the
SMARTSpan corpus, the same procedure is used
with SMARTSpan as the analysis corpus. Figure 3
provides an overview of the dataset composition
across all experimental conditions.

Training Configurations. Table 5 reports results
under two regimes. In the low-resource regime,
only the 57 in-domain notes (with or without aug-
mentation) are used for training. In the combined
regime, the full SMARTSpan corpus is concate-
nated with the 57 in-domain notes before augmen-
tation is applied to the in-domain subset. An addi-
tional cross-domain baseline trains exclusively on
SMARTSpan and evaluates on our test set, quanti-
fying the domain shift reported in Introduction.

Models and Training. Following Bojic et al.
(2025), we fine-tune two pre-trained encoders:
BERT-large-cased (Devlin et al., 2019) and
DeBERTa-v3-base (He et al., 2020) with a token
classification head for BIO-tagged goal span ex-
traction. All models were trained for 100 epochs
using the AdamW optimizer (Loshchilov and Hutter,
2017), with a learning rate of 3 × 10−5, a training
batch size of 32, an evaluation batch size of 1,
and gradient accumulation over 4 steps. Input se-
quences were truncated to a maximum length of
512 tokens, and experiments were conducted with
a fixed random seed of 30.

Evaluation Metrics. We report two span-level F1
scores: Exact-Match F1 (EM F1), which requires
predicted and gold spans to match exactly, and
Partial-Match F1 (PM F1), which awards credit pro-
portional to the token overlap between predicted
and gold spans Li et al. (2022). Both metrics are
computed at the note level and averaged across
the test set.

Statistical Protocol. All experiments are re-
peated over five random splits to account for vari-
ance due to data partitioning. We report the mean
and standard deviation of each metric across the
five runs as mean ± std.

Human Distinguishability Test. To assess the
perceptual realism of the generated notes, we con-
ducted a two-alternative forced-choice experiment
in which human evaluators were asked to distin-
guish real notes from synthetic ones. In each trial,
one genuine note sampled from our corpus and
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Figure 3: Composition of training sets across all experimental conditions. Each bar shows the number
and source of notes used for training. Synth(in-domain) and Synth(S) denote synthetic notes generated
from in-domain and SMARTSpan priors, respectively.

one synthetic note produced by the factorized gen-
eration pipeline were presented side by side in ran-
dom order, and the evaluator was asked to select
the note they believed to be real. Two evaluators,
both familiar with health coaching documentation,
completed a total of 50 trials (25 each). We re-
port detection accuracy as the proportion of trials
in which the evaluator correctly identified the real
note, with chance performance at 50%.

3. Results

Domain shift confirms the need for adaptation.
Training exclusively on SMARTSpan and evaluating
on our corpus yields EM F1 scores of 62.39 (BERT)
and 71.85 (DeBERTa), well below the in-domain
performance reported by Bojic et al. (2025). This
cross-domain gap, consistent with the distributional
divergence visualized in Figure 1, motivates all sub-
sequent experiments.

Factorized generation is the strongest augmen-
tation in low-resource settings. With only 57 in-
domain notes and no external data, our pipeline lifts
EM F1 from 75.28 to 80.85 (+5.57) for BERT and
from 82.79 to 87.30 (+4.51) for DeBERTa (Table 5,

low-resource group). Both surface-level baselines
also improve over the unaugmented condition, but
neither matches factorized generation: backtrans-
lation reaches 79.24 and 80.49, while rephrasing
reaches 78.02 and 83.39 for BERT and DeBERTa,
respectively. The advantage is most pronounced
on PM F1, where our method achieves 90.01 and
96.08 compared to 87.16 and 91.60 without aug-
mentation, suggesting that the factorized sampling
introduces greater diversity in span boundaries.

Augmentation benefits persist when out-of-do-
main data is available. Adding SMARTSpan to
the 57 in-domain notes (Table 5, combined group)
raises unaugmented EM F1 to 79.99 (BERT) and
84.13 (DeBERTa), confirming that out-of-domain
data provides a useful prior despite the domain shift.
Applying factorized generation to the in-domain
subset further improves performance to 82.38 and
85.01, again outperforming both backtranslation
(82.29, 84.89) and rephrasing (78.99, 82.62). No-
tably, rephrasing slightly degrades performance
relative to the unaugmented combined baseline for
both models, likely because lexical variation alone
cannot compensate for the additional noise intro-
duced by imperfect span realignment.
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BERT DeBERTa

Training data EM F1 PM F1 EM F1 PM F1
Cross-domain baseline

SMARTSpan only 62.39±2.15 74.79±3.41 71.85±2.38 81.78±3.39
Low-resource (57 in-domain notes)

No augmentation 75.28±3.26 87.16±0.91 82.79±3.81 91.60±3.83
+ Rephrasing 78.02±1.65 85.66±1.77 83.39±4.36 91.24±1.84
+ Backtranslation 79.24±1.89 87.16±2.24 80.49±2.34 90.52±2.64
+ Factorised generation (ours) 80.85±1.85 90.01±1.38 87.30±1.27 96.08±1.48

Combined (SMARTSpan + 57 in-domain notes)
No augmentation 79.99±2.90 90.41±2.25 84.13±0.88 93.56±0.79
+ Rephrasing 78.99±1.91 87.89±2.14 82.62±2.64 92.62±1.52
+ Backtranslation 82.29±1.91 90.77±1.81 84.89±2.52 94.41±2.10
+ Factorised generation (ours) 82.38±1.33 91.45±1.74 85.01±1.78 94.14±1.43

Table 5: Goal span extraction performance on our held-out test set (n = 100). All models are evaluated
on the same 100 in-domain test notes. Results report mean ± standard deviation over five random data
splits. Best result per column within each group is reported in bold.

BERT DeBERTa

Configuration EM F1 PM F1 EM F1 PM F1
Ablations (tested on our held-out set)

SMARTSpan + 57 ID (size-matched)∗ 81.31±3.81 90.94±1.10 84.76±2.34 94.08±1.40
SMARTSpan + Synth(S)† + 57 ID 77.86±3.86 89.63±2.05 82.13±2.62 93.12±1.33
SMARTSpan + 57 ID + Synth(both)‡ 80.88±1.44 91.14±1.19 84.49±1.44 93.82±2.14
SMARTSpan + 57 ID + Synth(ID) [ours] 82.38±1.33 91.45±1.74 85.01±1.78 94.14±1.43

In-domain SMARTSpan (tested on SMARTSpan)
No augmentation 90.21±2.29 94.35±2.80 97.56±2.03 98.27±1.34
+ Factorised generation (ours) 91.44±3.00 95.70±2.22 97.08±2.01 98.43±1.50

∗ 57 SMARTSpan notes replaced with 57 ID notes (total training set size held constant).
† Synth(S) = factorised generation applied to SMARTSpan notes only. ‡ Synth(ID) = applied to the 57 ID notes; Synth(both) = applied to both corpora.

Table 6: Ablation studies and in-domain (ID) SMARTSpan evaluation. Top: variations on the combined
training regime, tested on our held-out set (n = 100). Bottom: models trained and tested on SMARTSpan
using five random 60/20/20 splits, with synthetic examples whose source IDs overlap the test fold excluded
from training. Results report mean ± standard deviation. Best result per column within each group is
reported in bold. ID = in-domain.

Augmenting out-of-domain data does not help.
The ablation study in Table 6 reveals that apply-
ing factorized generation to the SMARTSpan cor-
pus rather than the in-domain notes (“Synth(S) +
57 in-domain”) hurts EM F1 by 4.52 (BERT) and
2.88 (DeBERTa) compared to augmenting the in-
domain data. Augmenting both corpora simulta-
neously (“Synth(both)”) recovers some of this loss
but still under-performs in-domain-only augmenta-
tion, suggesting that synthetic SMARTSpan notes
amplify out-of-domain patterns that compete with
the target distribution. The replacement ablation,
which swaps 57 SMARTSpan notes for in-domain
examples to control for training set size, performs
comparably to the unaugmented combined condi-
tion, confirming that the improvement from augmen-
tation is not merely a dataset-size effect.

Factorized generation also improves in-do-
main performance on SMARTSpan. When both
training and evaluation are conducted within
SMARTSpan (Table 6, bottom), adding synthetic
data generated from the same corpus lifts EM F1
from 90.21 to 91.44 for BERT. For DeBERTa, per-
formance remains near saturation, with EM F1
at 97.08 vs. 97.56 without augmentation. This
demonstrates that the pipeline provides value be-
yond cross-domain adaptation: it also enriches the
training in better-resourced, single-domain settings.

Synthetic notes are difficult for humans to dis-
tinguish from real ones. Across 50 trials, evalu-
ators correctly identified the real note with an overall
accuracy of 72%. Notably, the evaluators showed
little to no preference in terms of reported qual-
ity between genuine notes (average quality score:
4.08/5) and synthetic quality (average quality score:
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4.06/5). While above chance, this detection rate
was reported as largely attributable to a small set
of surface-level artifacts rather than to global stylis-
tic differences. In post-evaluation debriefing, both
evaluators independently reported relying on the
same telltale cues to identify real notes: references
to named clinics, general practitioners, or commu-
nity resource centers specific to the local healthcare
system; mention of exact appointment dates; the
presence of spelling errors and locally conventional
abbreviations that the language model did not re-
produce; frequent use of clinical shorthand such
as pt, hx, and abbreviated day names; and idiosyn-
cratic formatting habits of individual health coaches.
Conversely, the use of em dashes was noted as a
recurring indicator of synthetic origin. Notably, eval-
uators reported that when these surface markers
were absent, the two notes were perceptually indis-
tinguishable, suggesting that the factorized pipeline
captures the higher-level structure, tone, and goal
content of real notes with high fidelity.

4. Discussion

The advantage of factorized generation stems from
an inductive bias that mirrors how notes are actu-
ally produced: by sampling structure, goal content,
and persona independently, the pipeline generates
plausible configurations never observed in the seed
corpus, a combinatorial diversity that lexical meth-
ods like paraphrasing and backtranslation cannot
achieve. The disproportionate PM F1 gains sug-
gest this diversity is especially beneficial at span
boundaries, where the surrounding context varies
more widely across synthetic notes than across
paraphrases of the same original.

Critically, the ablation results show that the
pipeline acts as a distribution-faithful amplifier
rather than a general-purpose data multiplier: aug-
menting the in-domain seed set enriches the tar-
get distribution, whereas augmenting SMARTSpan
amplifies competing out-of-domain patterns. Prac-
titioners should therefore direct augmentation ex-
clusively at the corpus whose distribution they wish
to reinforce, even when out-of-domain data is avail-
able for joint training. The human evaluation fur-
ther confirms that the remaining realism gap is
largely cosmetic, driven by missing local abbre-
viations, absence of spelling errors, and formatting
artifacts rather than structural or content flaws, and
could likely be narrowed by injecting realistic sur-
face noise during post-processing.

5. Conclusion

We presented a factorized synthetic data gener-
ation pipeline that decomposes health coaching
note variation into structure, goal content, and per-

sona axes, extracts empirical priors from a small in-
domain corpus, and samples from them to produce
diverse, label-validated training examples. In low-
resource adaptation experiments the pipeline con-
sistently outperformed rephrasing and backtransla-
tion baselines, and ablation analysis showed that
targeting augmentation at in-domain data is criti-
cal, augmenting out-of-domain data amplifies the
wrong distribution. A human evaluation confirmed
that synthetic notes are structurally and tonally faith-
ful, with detection driven by surface artifacts rather
than content or organizational flaws.

Future work will explore relaxing the cycle-
consistency threshold with confidence-weighted
training to retain a broader set of synthetic exam-
ples, extending the pipeline to multilingual coaching
programs, and applying the factorization principle
to other forms of structured clinical documentation.

6. Limitations

Several limitations should be noted. First, the
pipeline has been evaluated on a single down-
stream task (goal extraction) with two encoder archi-
tectures; its benefit for other information extraction
objectives or generative models remains untested.
Second, both generation and cycle-consistency
validation depend on a single proprietary model
(Gemini 3.0 Pro), meaning that systematic biases
in that model propagate into the synthetic corpus;
whether open-source alternatives achieve compa-
rable factorised generation quality remains to be
tested. The strict cycle-consistency threshold miti-
gates label noise but may preferentially accept sim-
pler notes, subtly skewing the training distribution
toward shorter or fewer-goal examples. Third, our
new corpus originates from a single coaching pro-
gram with a predominantly Chinese Singaporean
demographic; generalizability to programs with dif-
ferent populations, languages, or documentation
conventions has not been established. Finally, the
512-token input limit approaches the mean length
of our notes (469 words), and longer notes may
lose information at the tail, a constraint that would
be alleviated by long-context encoder models.

7. Ethics Statement

The randomized controlled trial from which the
health coaching session transcripts and notes were
derived received ethics approval from the National
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29 Dec 2025 (1st session). Current goals: Exercise: Jogging 30 minutes every Saturday around 5pm at the park near his house. 6/10 confident.
Medication: To take medication regularly. Morning and night. 9/10 confident. Wellness Vision: He hopes to maintain his current levels of health,
in terms of blood pressure, cholesterol and blood glucose. He does not want to develop complications or stroke due to the previous mention
conditions. He is afraid that he will suffer and have his quality of life affected. 3 month goal To lose weight. Notes: Deals with company
operations. Works normal working hours. Married with 2 children. One of his son is attending health coaching sessions. He is doubtful about the
effectiveness of health coaching as he does not believe one would have the luxury of time to make lifestyle changes. He has high blood pressure
and cholesterol. There are currently within target as he is compliant with medication. He had previously attempted lifestyle changes like diet and
exercise. While they did reduce his cholesterol levels, it was not enough. He therefore agreed to start on medication. His original concerns were
that once a person starts medication it is for life. He understands the importance of keeping his blood cholesterol and pressure in check. He
does not want to get a heart attack or stroke. Getting a serious illness is fine as long as he passes away straight. He expressed concern about
not being able to provide for his family and the suffering one has to go through after getting a stroke. Some changes to his lifestyles were eating
only one meal a day and exercising on weekends. As he is now on medication, he admitted that he has not been that consistent with his healthy
habits as medication has been keeping his health in check. He was previously maintaining the healthier lifestyle for one to 2 years. While the
results were not immediate, he was able to pursue on, and the improvements motivated him to continue being consistent. Improvements were
seen in blood test results and reduce clothing sizes. He managed to lose 4kg. He was also previously a smoker and stopped smoking when he
developed high blood pressure. What was helpful in today’s session was the realization about the accomplishments he had made in the past
regarding his lifestyles. That it can be accomplished and how much he has changed.

Session 3 (08/07/2025): (1) Exercise: Continue with muscle strengthening exercises (leg lifts and plants) daily (7/10), (2) Diet: Eat 2 meals a day
for 5 days at home (7/10), (3) Diet: No fried chicken (KFC/Tenderbest) for the month, even if there is a good offer (10/10). Preferred name: Sok
Leng Wellness vision: Free of new chronic illness, managing weight, being independent, and maintaining physical health to enjoy the things I like.
3m goal: 77kg - 74kg Highlight of the month: Her pipe burst at home, she took 2 weeks to resolve it because she needed to source for plumbers
who can fix it at a reasonable price. Due to that, it affected her health goal of cooking at home. Another highlight was a temporary role as an
invigilator/usher for an international math olympiad where she was tasked to care for children in Pri 1 - 3. She moved around a lot during those
times and felt that her activity levels increased. GR 1: Muscle strenghtening (60%) completion. She was glad that she started the exercises and
that had helped with the muscle aches. She is motivated by her parent’s experience (where they require support moving around), and would like
to work on preventive measures to support mobility. The pipe incident at home did not affect her ability to exercise as she believed that it was a
small matter and did not allow it to affect her. GR2: Diet (60%) completion. Her pipe burst incident affected her goal of making home cooked
food but she was able to take healthier, home-cooked meals when she was visiting her parents. She shared that there were days where she had
KFC fried chicken for her meals because of a bundle deal that was hard to resist. She also shared her appreciation for a deep-fried chinese bun
that was sold a few MRT stops from her place, which she buys when there is a sale. Other: In the later part of July, she will be travelling to
Shenzhen (till 26th), followed by a university trip to Guizhou (27th onwards). It was a learning trip that she was keen to experience. Action plan:
Recommend food videos. Continue to work around adjusting diets - making some progress on this. In discussion, she shared that she feel less
aches and pains after trips as compared to the past - this may be due to the terrain, but if she raises it again, perhaps focus on the enabling
factors or what was different.

Figure 4: Two real health coaching notes from our corpus. Goal spans are highlighted in green. Top: 2
goals. Bottom: 3 goals.

Session 3 (14/08/2025). Patient is a young adult male, financially stable but finds his current work challenging due to constantly chasing payments
and meeting high demands. He is reflective about his health and life direction. Known case of familial hypercholesterolemia, currently managing
with medication and herbal supplements. Lives in an area with good access to food stalls and amenities, and has running gear available at
home. Wellness Vision: To feel energetic and in control of my body, reducing reliance on long-term medication. 3-month goals: 1. Improve lipid
profile naturally 2. Establish a consistent running routine 3. Clean up diet significantly. We discussed his medication adherence; he is compliant
but expressed a strong desire to eventually stop taking statins by proving he can manage his cholesterol through lifestyle changes alone. He
understands this requires significant dietary discipline. Barriers: Work stress often leads to emotional eating or skipping workouts. He notes that
when he is chasing payments, his anxiety spikes, making him reach for comfort foods. Technical issues: He had trouble syncing his wearable
device earlier this week but resolved it; energy levels have been fluctuating with work stress. He feels drained by 6 PM most days. Barriers
regarding exercise were discussed: previously, rain and fatigue were issues, but he has access to a treadmill now. Goals set for this period: Diet:
To consume No chips and no ice cream; substitute with fruits and tea (Confidence 8/10). Diet: No fried chicken (KFC/Tenderbest) 3 per week.
Exercise: To do a run on the treadmill / pool walking 1 per day (Confidence 6/10). Regarding diet, I noted that he tends to eat out at hawker
centers often. He has been trying to manage his carbohydrate intake by asking for less rice, but admits the gravy makes it hard to gauge calories.

15 Oct 2025 (Session 4). Goals: Physical Activity: Meet 5k steps by jogging and brisk walking. He plans to do this 2 times per day for a total
duration of 8 hours during his night shifts. 10/10 confident. This is a strategy to combat the fatigue he feels during the long remote shifts. Diet:
Abstain from fried food (e.g. fried chicken, potato chips) in the morning for the next 3 months. 8/10 confident. He noted that after his night shift
ends, he often craves greasy breakfast foods with his wife, but wants to break this cycle. Generative moment: The client reflected on his recent
interactions with his elderly father, who has limited mobility. Seeing his father struggle to walk has been a wake-up call for him. He realized that
his sedentary job and previous lack of activity were leading him down a similar path. He expressed a strong desire to not be reliant on medication
like his father is. This emotional connection to his family’s health history seems to be a major driver for his current motivation. Longterm goals
review: His wellness vision is to maintain a healthy weight and good energy levels so he can enjoy cycling on the weekends without feeling
exhausted. He wants to reduce his blood pressure medication dosage within the next year. Patient information: Client will continue to navigate
the challenges of working night shifts from home. He will likely face peer pressure from colleagues who suggest ordering fast food during virtual
meetings, but he intends to have meal prep ready. He will also be managing the care of his elderly parents on his days off. Other points: He
originally joined the program because a nurse at his annual screening flagged his rising blood pressure and weight. He admitted that working
from home made him complacent, often sitting for 10-12 hours a day. He is currently experiencing significant fatigue, which he attributes to the
shift work and poor diet. App usage review: He will use the app to track his steps during his shift. He will also watch the educational videos on
managing shift work sleep patterns to help him get better rest.

Figure 5: Two synthetically generated health coaching notes. Goal spans are highlighted in green. Top: 3
goals. Bottom: 2 goals. Both notes were produced by the factorised generation pipeline.
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Goal Attribute Enrichment

PROMPT
System:

You are an expert at analyzing health coaching goals. Your task is to extract detailed attributes 

from SMART goals (Specific, Measurable, Achievable, Relevant, Time-bound).

Extract attributes precisely from the given goal text. If information is not present, return null 

for that field. Be accurate and don't infer information that isn't explicitly stated.

User template (formatted per goal span, with full note as context):

Goal to analyze: "{goal_text}"

Full context from coaching note:

{note_context}

Extract the following attributes from this goal:

1. goal_type: Type of health behavior goal (physical_activity, dietary_behavior, 

medication_adherence, substance_use, self_monitoring)

2. goal_activity: The main activity or behavior (e.g., 'jogging', 'cooking', 'taking medication')

3. location: Where the activity takes place (e.g., 'at home', 'gym', 'park')

4. time: Time of day or specific time (e.g., 'morning', 'evening', 'after work')

5. frequency: How often (value, unit, and full text)

6. duration: How long per session (value, unit, and full text)

7. timeframe: When/for how long (type and full text)

8. conditionality: Any conditional aspects

9. confidence: How confidence is expressed (type, value if numeric, and full text)

10. zero_goal_reason: If "Goal to analyze" is empty (""), select one of:

    no_show | not_discussed_declined | not_discussed_review_only | other

Return null for any attribute not present in the text, EXCEPT for zero_goal_reason which must 

always have a value.

OUTPUT SCHEMA

Field Type Description

goal_type Optional[Literal] physical_activity | dietary_behavior | medication_adherence | substance_use | self_monitoring

goal_activity Optional[str] Main activity or behavior

location Optional[str] Where the activity takes place

time Optional[str] Time of day or specific time

frequency_value Optional[int] Numeric frequency value

frequency_unit Optional[Literal] week | day | month | year | null | other

frequency_text Optional[str] Full frequency text as written

duration_value Optional[int] Numeric duration value

duration_unit Optional[Literal] hours | minutes | days | weeks | months | null | other

duration_text Optional[str] Full duration text as written

timeframe_type Optional[Literal] specific_day | date_range | ongoing | other

timeframe_text Optional[str] Full timeframe text

conditionality Optional[str] Conditional aspects

confidence_type Optional[Literal] numeric_percent | numeric_scale | none

confidence_value Optional[float] Numeric confidence value

confidence_text Optional[str] Full confidence text

zero_goal_reason Optional[Literal] no_show | not_discussed_declined | not_discussed_review_only | other

Goal types follow the taxonomy of Hessler et al. (2019). Schema enforced via Pydantic structured generation.

Figure 6: Prompt and output schema for goal attribute enrichment (Section 2.2.1). Goal types follow the
taxonomy of Hessler et al. (2019).
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Structural Analysis

PROMPT
System:

You are an expert at analyzing the structure and formatting of health coaching notes. Your task 

is to identify the structural patterns used in coaching notes.

Extract structural attributes precisely from the given note text. Be accurate and classify based 

on what is actually present in the text.

IMPORTANT: Be thorough and granular. Most coaching notes contain many distinct sections 

(typically 4-10). Each time the note shifts to a different topic, that is a separate section. Do 

NOT lump multiple topics into a single section. For example, if a note discusses medication, then 

food, then exercise as separate paragraphs or blocks, each of those is its own section — even if 

they lack explicit headers.

User template (formatted per note):

Coaching note to analyze:

{note_text}

Analyze the structural pattern of this coaching note. Identify EVERY distinct section — a new 

section begins whenever the note shifts to a different topic or purpose, whether or not there is 

an explicit header.

For each section, extract:

  * "type": weekly_goals_review, longterm_goals_review, app_usage_review, journalling_review, 

goal_setting, barriers_discussion, patient_information, generative_moment, or other_points

  * "format": numbered_list, embedded_narrative, or unordered_list

  * "voice": third_person, first_person, coach_we, passive, or mixed

  * "tense_pattern": mixed_past_future, primarily_future, or primarily_past

  * "section_summary": Optional short summary (only for app_usage_review, journalling_review, 

longterm_goals_review, weekly_goals_review, other_points)

Important guidelines:

- Be GRANULAR: if the note discusses medication adherence, then diet, then exercise as separate 

blocks, those are THREE separate sections — not one combined section.

- The same section type CAN appear multiple times.

- Typical coaching notes have 4-10 sections. If you find only 1-2 sections in a long note, re-

read it more carefully.

- Return empty list ONLY if the note has no clear sections at all.

OUTPUT SCHEMA (LIST[SECTION])

Field Type Description

type Literal Section type from checklist
weekly_goals_review | longterm_goals_review | app_usage_review | journalling_review | goal_setting
| barriers_discussion | patient_information | generative_moment | other_points

format Literal numbered_list | embedded_narrative | unordered_list

voice Literal third_person | first_person | coach_we | passive | mixed

tense_pattern Literal mixed_past_future | primarily_future | primarily_past

section_summary Optional[str] Short summary (only for review/other_points types; null otherwise)

Section types derived from the health coaching session checklist used in clinical practice.

Figure 7: Prompt and output schema for structural analysis (Section 2.2.1). Section types are derived
from the health coaching session checklist used in clinical practice.
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Persona Extraction

PROMPT
System:

You are an expert at analyzing health coaching notes to identify persona elements. Your task is 

to extract individual persona characteristics present in the note.

Extract persona elements based on what is stated or reasonably inferred from the note. Be 

thoughtful in your inferences but avoid being overly creative — stick to what the text supports.

User template (formatted per note):

Coaching note to analyze:

{note_text}

Extract persona elements present in this note across the following categories:

1. Social demographics:

   - age_group: young_adult (18-35), middle_aged (36-60), senior (60+), or unknown

   - occupation: Current occupation or employment status (free-form)

   - education_level: Education level (free-form)

   - gender: Gender identity (free-form)

   - ethnicity: Ethnicity or racial background (free-form)

   - income_level: Income level or socioeconomic status (free-form)

   - marital_status: Marital status (free-form)

2. Social context: Social relationships, social factors, and social barriers that influence 

health behaviors (e.g., lives_with_partner, social_eater, family_dinners, social_triggers)

3. Economic context: Economic and financial factors, employment-related circumstances, and 

economic barriers (e.g., cost_concerns, financial_stress, late_shifts, work_demands)

4. Physical environment: Physical environment, living situation, and physical barriers (e.g., 

lives_in_urban_area, access_to_gym, limited_kitchen_space, travel_disruptions)

5. Individual characteristics and behaviours: Behavioral patterns, health literacy, psychological 

state, and individual-level barriers (e.g., all_or_nothing_thinker, routine_dependent, 

tech_comfortable, time_constraints)

Guidelines:

- Use snake_case naming for all extracted elements

- Return empty lists for categories where no elements are present

- Return null for demographics not available

- When barriers are mentioned, categorize them into the appropriate context category based on 

their nature

OUTPUT SCHEMA

Field Type Description

social_demographics (SocialDemographics)

 age_group Optional[Literal] young_adult | middle_aged | senior | unknown

 occupation Optional[str] Occupation or employment status

 education_level Optional[str] Education level

 gender Optional[str] Gender identity

 ethnicity Optional[str] Ethnicity or racial background

 income_level Optional[str] Income level or socioeconomic status

 marital_status Optional[str] Marital status

Context and behavioural factors (all List[str], snake_case)

social_context List[str] Social relationships and social barriers influencing health behaviours

economic_context List[str] Economic/financial factors and employment-related barriers

physical_environment List[str] Physical environment, living situation, and environmental barriers

individual_characteristics
_and_behaviours

List[str] Behavioural patterns, health literacy, psychological state, individual
barriers

Demographic categories informed by MeSH Sociodemographic Factors and WHO self-care frameworks.

Figure 8: Prompt and output schema for persona extraction (Section 2.2.1). Demographic categories
informed by MeSH Sociodemographic Factors and WHO self-care frameworks.
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