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Abstract

Background: The Functional Independence Measure (FIM) is a standard functional assessment tool in rehabilitation medicine;
however, formal assessments are often conducted only at limited intervals. Free-text clinical notes contain more frequent
observations of patients' functional status and may complement these assessments.

Objective: This study aimed to estimate item-level FIM scores from Japanese free-text rehabilitation notes using a locally
deployed large language model (LLM) and to evaluate estimation performance; item-level estimability; and differences across
diseases, therapy types, and admission FIM severity groups.

Methods. Weretrospectively analyzed free-text notesfrom physical therapy (PT), occupational therapy (OT), and speech-language
pathology (SLP) for patients hospitalized with cerebral infarction (Cel), hip fracture (HF), or vertebral fracture (VBF) at Saiseikai
Moriyama Municipal Hospital between October 2019 and September 2024. Using zero-shot prompting, an LLM estimated all
FIM items from each note. Estimated scores were matched to reference FIM scores recorded for the same patient on the same
calendar date. Performance was eval uated using the mean absol ute error (MAE), root mean squared error, and quadratic weighted
kappa. Estimation rates and comparisons with modal-score and |ast-observation-carried-forward (LOCF) baselines were also
examined.

Results: Among 2,952,702 eligible note-item pairs from 164,039 retained rehabilitation-note-level outputs, the model produced
980,000 valid estimates, corresponding to an overall estimation rate of 33.2%. Among 170,744 note-item opportunities with an
available same-day reference score, 57,246 (33.5%) were estimable, of which 77.7% (44,481/57,246) were within 1 point of the
reference score. Estimates derived from OT notes had a lower MAE than those derived from PT notes in Cel and HF, whereas
the differencewas not significant in VBF. The LLM outperformed the modal-score baseline but had a higher MAE than the LOCF
overall (0.825 vs 0.648).

Conclusions: Thelocally deployed LLM shows the potential to derive item-level FIM estimates from Japanese rehabilitation
notes. Among estimable note-item pairs with a same-day reference FIM score, 77.7% were within 1 point of the reference score.
These findings support the potential use of LLM-based estimation to structure functional information contained in routine
rehabilitation notes and complement periodic FIM assessments. Further integration of multidisciplinary clinical records and
external validation are needed to improve estimability and evaluate its value for longitudinal functional monitoring.
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Introduction

The Functional Independence Measure (FIM) is an
internationally used scale for quantitatively assessing activities
of daily living (ADLSs) and is regarded as one of the standard
outcome measures in rehabilitation medicine [1,2]. FIM plays
an important role in discharge planning, prognostic estimation,
and evaluation of intervention effects and has been applied
across a wide range of disease areas, including stroke and
orthopedic conditions [3-7].

However, the frequency of FIM assessment in clinical practice
is subject to institutional and practical constraints. In many
health care systems, its implementation is influenced by
reimbursement schemes and operational restrictions. In addition,
because FIM includes multiple items and requires structured
scoring, repeated assessment may impose practical burdensin
routine care. Asaresult, FIM is not necessarily conducted at a
high frequency in routine clinical practice. Indeed, large-scale
real-world clinical databases have reported that FIM is often
collected only at limited time points within a clinical episode
and frequently contains missing values, indicating difficulty in
performing high-frequency assessments in real-world settings
[8]. In Japan, a study reported that the introduction of FIM as
a routine clinical task itself is treated as an intervention,
indicating that high-frequency FIM assessment has not yet been
fully established as part of usual care [9]. Moreover, even after
the 2024 revision of the medical fee schedule, the minimum
required frequency of FIM assessment is once every 2 weeks,
and FIM assessments in routine practice are often conducted at
thisminimum interval, which isinsufficient for high-frequency
tracking of functional recovery during hospitalization [10].
Thus, although FIM is an important outcome measure, it tends
to be sparse when treated aslongitudinal data, limiting itsability
to capture patients' day-to-day subtle changes and functional
capacity trajectories.

In contrast, free-text clinical notesthat are routinely documented
in rehabilitation practice have been reported to accumulate
detailed observational records regarding patients’ functional
status and therapeutic activities throughout rehabilitation
interventions[11]. These narratives constitute arich information
source that could potentially complement FIM; however,
because they are recorded as natural language, their systematic
analysis and use are not straightforward.

In recent years, numerous natural language processing (NLP)
approaches have been proposed to extract ADL-related
information from free-text clinica notes [12]. As an early
example, Anzaldi et a [13] applied arule-based NLP approach
toidentify specific expressionsdocumented in free-text clinical
notes and analyzed their associationswith geriatric syndromes.
Regarding studies that extract information on ADLs and
functional status from free-text clinical notes, Newman-Griffis
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et a [14] formulated the identification of mobility-related
descriptions in rehabilitation records as a named entity
recognition (NER) task [14], whereas Chen et al [15] reported
NER-based extraction methods targeting geriatric syndromes,
such as gait difficulty and urinary incontinence.

Morerecently, largelanguage models (LL Ms) have been applied
directly to the extraction of functional statusfrom clinical notes.
Liu et a [16] evaluated an open-source LLM for extracting
mobility status and classifying functional impairment across
multiple ingtitutions, whereas Kaster et a [17] used multiple
LLMsto classify verbal and ambulatory abilities from clinical
notes. These studies demonstrate the feasibility of LLM-based
functional status extraction from free-text clinical notes.
However, both conventional NLP approaches and recent
LLM-based studies have primarily focused on individual
functional domains or broad classification tasks rather than the
comprehensive estimation of a standardized assessment
instrument comprising multipleitemsand ordinal scores. Thus,
a substantial gap remains between extracting ADL-related
concepts from clinical text and quantifying functional status
according to the detailed evaluation criteriaand granul arity used
in clinical assessment scales, such as FIM.

Separate from text-based information extraction, several studies
have also reported methods for estimating or predicting FIM
scores. |n these studies, structured clinical information, such as
admission FIM scores and patient age, or motion sensor data
areused asinputs, and machinelearning or deep learning models
are primarily used to predict discharge FIM scores [18,19].
However, these approaches do not directly use free-text clinical
notes as input and are generally based on supervised learning.
Due to privacy concerns and operational constraints, the
requirement for task-specific training poses asubstantial barrier
to implementation in real-world clinical settings[20]. In many
health care settings, it is difficult to export patient data outside
the institution, and sufficient computational resources for
fine-tuning LLMs within hospitals are often unavailable [21].
Therefore, thereisagrowing need for methodsthat can directly
process existing free-text clinical notes without task-specific
model training datawhilerelying only on limited computational
resources [22].

In this study, we focused on rehabilitation notes as a type of
free-text clinical notes. Specifically, we investigated whether
an LLM can estimate longitudinal FIM scores directly from
Japanese free-text rehabilitation notes in a zero-shot setting,
without task-specific training. To thisend, we used rehabilitation
notes to estimate al 18 FIM items at multiple time points and
evaluated estimation performance across three disease
categories—cerebral infarction (Cel), hip fracture (HF), and
vertebral fracture (VBF)—and three therapy types: physical
therapy (PT), occupational therapy (OT), and speech-language
pathology (SLP). In addition, by stratifying analyses according
to admission FIM severity and the item-level estimation rate,
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we examined how therapy-specific differencesin documentation
content affect estimation performance. Figure 1 summarizes
this study design and evaluation framework. Beyond
demonstrating feasibility, the findings of this study will
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contribute by identifying therapy-specific performance
differences and by characterizing the error structure associated
with documentation bias and differences in observational
context.

Figure 1. Study design and evaluation framework. An LLM was used to estimate patients’ FIM scores based on rehabilitation notes from PT, OT, and
SLP. The estimated FIM scores were evaluated by comparison with the corresponding observed FIM scores. FIM: Functional Independence Measure;
LLM: large language model; OT: occupational therapy; PT: physica therapy; SLP: speech-language pathology.
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Methods

Data Collection

In this study, we analyzed patients aged 65 years or older who
were admitted for rehabilitation purposesto Saiseikai Moriyama
Municipal Hospital between October 2019 and September 2024,
using Japanese rehabilitation notes from electronic health
records (EHRs). The target conditionsincluded three diseases:
Cel, HF, and VBF. For each patient, rehabilitation notes were
collected for up to 180 days after admission for Cel and up to
90 days after admission for HF and VBF. These observation
periodswere determined based on the di sease-specific maximum
lengths of stay eligiblefor reimbursement under Japan’s medical
fee schedule for convalescent rehabilitation wards [23].

The extracted dataset included 233 patients with Cel, 461
patients with HF, and 148 patients with VBF, with 66,509,
74,056, and 23,474 rehabilitation notes, respectively. Observed
FIM scores were measured at admission, approximately every
2 or 4 weeks during hospitalization, and at discharge. Because
SLPisnot routinely provided for fracture-related conditionsin
clinical practice, records related to this therapy type were
excluded from the analysis for HF and VBF.

https://medinform.jmir.org/2026/1/€100624
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LL M-Based Estimation of FIM ScoresFrom Free-Text
Rehabilitation Notes

Using an LLM, we estimated scores for all 18 FIM items at
multiple time points from rehabilitation notes for patients with
Cel, HF, and VBF. FIM consists of atotal of 18 items, including
13 motor items and 5 cognitive items. The motor itemsinclude
domains related to self-care (eating, grooming, bathing, upper
body dressing, lower body dressing, and toileting), sphincter
control (bladder management and bowel management), transfers
(bed/chair/wheelchair transfers, toilet transfers, and tub/shower
transfers), and locomotion (walking/wheel chair and stairs). The
cognitive items include communication (comprehension and
expression) and social cognition (social interaction, problem
solving, and memory). Each FIM item is evaluated on a 7-point
ordinal scale ranging from 1 (total assistance) to 7 (complete
independence), with higher scoresindicating greater functional
independence [24].

We selected gemma-2-9b-it because its open weights and
relatively compact model size allowed inferenceto be performed
entirely within the hospital’s secured computing environment,
while supporting Japanese-language input. The choice was
primarily based on these operational requirements rather than
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on adedicated benchmark of Japanese clinical-text tokenization
or terminology.

Using this model, we estimated FIM scores from free-text
rehabilitation notes through zero-shot prompting (Multimedia
Appendix 1), asillustrated in Figure 2. The model was provided
with each rehabilitation note and a condensed seven-level FIM
scoring rubric and wasinstructed to output scoresin apredefined
JSON format. If the model determined that a specific FIM item
could not beinferred from the note, the corresponding item was

Figure2. TheLLM estimated FIM scores from Japanese rehabilitation notes,
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treated as unestimable. Each rehabilitation note was submitted
to the model separately and was not concatenated with other
notesrecorded on the same day. For primary accuracy analyses,
each estimable item score from each note was retained as a
separate note-item observation and, when available, matched
to the unique reference FIM item score recorded for the same
patient on the same calendar date. If different reference scores
were recorded for the same patient-date-item group, that group
was excluded from the accuracy and agreement analyses.

including 13 motor itemsand 5 cognitiveitems derived from patient-rel ated

narrative descriptions. FIM: Functional Independence Measure; LLM: large language model.

Free-text clinical notes

S) This test seemed to suit the patient well.

0)

(At start) Blood pressure: 124/78 mmHg; Pulse: 70 bpm
(At end) Blood pressure: 102/68 mmHg; Pulse: 71 bpm

Long-term goal: Improvement of attention function

Short-term goals: Initial assessment; confirmation of diet texture (VF

scheduled in 7 days)

Higher brain function assessment:

S-PA (Standard Verbal Paired-Associate Learning Test)
Set A

*Related word pairs: 5-7-9 (good)

*Unrelated word pairs: 0—1-2 (good)

Overall assessment: Within normal limits

Estimated FIM scores

M Motor Items (13 items)
Eating: 7
Dressing (upper body): 6

(other 11 items)

A) No pathological decline was observed in expressive language.

However, during the assessment, the patient frequently continued
spontaneous speech without pauses and was occasionally
distracted, suggesting insufficient inhibitory control of attention.

P) Higher brain function assessment and language function

assessment (60 minutes)

The study model was google/gemma-2-9b-it, loaded using the
Hugging Face Transformers text-generation pipeline with
bfloat16 weights and without 4- or 8-bit quantization. Inference
used greedy decoding (do_sample=False) with a maximum of
256 generated tokens. Because sampling was disabled,
temperature, top-p, and top-k were not applied, and no
generation seed was used. No repetition penalty was explicitly
specified; al other generation parameters used the model and
library defaults. The maximum context length was 8192 tokens,
including the input and generated output. The inference code
did not explicitly truncate or split notesthat exceeded the context
limit. If an inference exception occurred, the affected note did
not produce an output and was skipped.

Evaluation

We evaluated estimation performance using the mean absolute
error (MAE); mean error (ME), which preservesthe sign of the
difference; and root mean squared error (RM SE), whichismore
sensitive to large errors. Because FIM is an ordinal scale, we
also computed quadratic weighted kappa (QWKkK) as a measure
of clinical agreement. The aggregate MAE, ME, and RMSE

https://medinform.jmir.org/2026/1/€100624
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H Cognitive Items (5 items)
Comprehension: 6
Memory: 7

(other 3 items)

were microaveraged over al items and cases, and weighted
kappa with quadratic weights was computed over all pooled
item-level observations within each group.

Each estimated score was compared with the observed FIM
score recorded for the same patient on the same date. Error
metrics were calculated for item-level predictions with valid
scoresfrom 1 to 7. Outputsindicating nonestimableitems were
excluded from error metric calculations. The estimation rate
was defined as the proportion of eligible note-item pairs for
which the model produced a valid score and was reported for
each item-by-therapy cell.

Statistical Analysis

To account for the nonindependence of repeated observations
within patients, we estimated 95% Cls for the prespecified
performance metrics (MAE, ME, RMSE, and QWK) using a
patient-level cluster bootstrap with 2000 resamples, in which
patients were resampled with replacement. Group comparisons
between therapy types, motor and cognitive items, and disease
groupswere expressed as differencesin the MAE and evaluated
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using the same patient-level cluster bootstrap approach.
Two-sided P values for the 11 prespecified group comparisons
were adjusted using the Benjamini-Hochberg false discovery
rate procedure. Additional exploratory analyseswere conducted.
Model performance was stratified by sex and age group within
each disease cohort, with the MAE and ME and 95% Cls
estimated using the same patient-level cluster bootstrap
procedure. Age groups were defined as <75, 75-84, and =85
years. For the last-observation-carried-forward (LOCF)
comparison, LOCF-eligible pairs were additionally stratified
by time since the previous FIM assessment.

To contextualize estimation accuracy, we compared the model
with two naive baselines: (1) an empirical modal-score predictor
based on the most frequent reference scorefor each disease-item
combination and (2) an LOCF predictor using the most recent
observed FIM score for the same patient and item before the
index assessment date in the available longitudinal record,
irrespective of admission episode. Prior FIM scores from
previous admission episodes were retained to maximize the
number of evaluable pairs and to apply the LOCF rule
consistently using the most recent available FIM assessment.
For each comparison, the LLM and the corresponding baseline
were evaluated on the same eligible note-item pairs. Differences
in MAES between the LLM and each baseline, with 95% Cls,
were estimated using the same patient-level cluster bootstrap
approach. LOCF-dligible pairswerefurther stratified according
to whether the current reference FIM score differed from the
preceding observed score.

Ethical Consider ations

This study was approved by the Ethics Committee of Saiseikal
Moriyama Municipal Hospital (approval #30; approva date
November 20, 2024). Asthiswas aretrospective observational
study using secondary data from medical records, informed
consent was handled through an opt-out approach via public
disclosure on the hospital website. Patient identifiers used for
datalinkage were replaced with hashed identifiers and were not
included in the model input. The approved study protocol
included the use of clinical information from medical records,
including chart records related to rehabilitation care. Before
LLM inference, the free-text records were not subjected to

https://medinform.jmir.org/2026/1/€100624

Nishiyama et al

automated de-identification or manual redaction. Inference was
performed entirely within the hospital using alocally deployed
model, and the notes were not transmitted to any external server
or third-party model provider. Access to the unredacted notes
was restricted to study authorswho had authorized on-site access
tothelocal computer at Saiseikai MoriyamaMunicipal Hospital,
and these data were stored on a local computer within the
hospital. Model outputs used for subsequent analysis consisted
of numerical estimates without direct patient identifiers and
were accessible to the study investigators. As an additional
privacy-protection measure, after inference, the notes were
manually screened for personal names using occupational titles
and terms denoting family or socia relationships, including
abbreviations and English expressions, as search cues; identified
names were removed. The accuracy and failure rate of this
manual screening procedure were not formally evaluated. No
compensation was provided to participants. This study did not
include any images or other materials containing identifiable
individuals. The study was conducted in accordance with the
Declaration of Helsinki and relevant ethical guidelines.

Results

Overview

The results are presented in four parts. First, we describe the
study cohort and the matched accuracy analysis set. Second,
we report output validity and item-level estimation rates by
disease, therapy type, and FIM item. Third, we present overall
estimation accuracy and agreement, including therapy- and
domain-specific comparisons. Finaly, we examine estimation
performance across admission FIM item-score groups.

Study Cohort and Patient Characteristics

After applying disease-specific observation periods and
adjudicating the rehabilitation target condition for the identified
overlapping records, a total of 164,039 retained
rehabilitation-note-level outputswere availablefor 842 patients:
66,509 (40.5%) rehabilitation notes from 233 (27.7%) patients
with Cel, 74,056 (45.1%) notesfrom 461 (54.8%) patientswith
HF, and 23,474 (14.3%) notes from 148 (17.6%) patients with
VBF (Table 1).
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Table 1. Source rehabilitation data, patient characteristics in the matched accuracy analysis set, and same-day matched rehabilitation notes by disease

type.

Characteristics Cel? HFP VBF®

Sourcerehabilitation data
Patientswith rehabilitation notesin the disease-specific 233 (27.7) 461 (54.8) 148 (17.6)
observation period (N=842), n (%)
Rehabilitation notes in the observation period 66,509 (40.5) 74,056 (45.1) 23,474 (14.3)
(N=164,039), n (%)
prd notes, /N (%) 29,670/66,509 (44.6) 59,680/74,056 (80.6) 19,325/23,474 (82.3)
OT® notes, N (%) 21,248/66,509 (31.9) 14,376/74,056 (19.4) 4149/23,474 (17.7)
SLP notes, /N (%) 15,591/66,509 (23.4) _9 —

Matched accuracy analysis set
Patients in the analysis set, /N (%) 231/233 (99.1) 459/461 (99.6) 147/148 (99.3)
Female sex, /N (%) 104/231 (45.0) 371/459 (80.8) 106/147 (72.1)
Male sex, n/N (%) 127/231 (55.0) 88/459 (19.2) 41/147 (27.9)
Age at admission (years), mean (SD) 80.2 (7.0) 85.4 (7.6) 84.0 (6.4)
Total FIMD score at admission, mean (SD) 65.1(29.0) 71.0 (24.1) 68.0 (23.6)
Same-day matched rehabilitation notes, N (%) 3550/66,509 (5.4) 4475/74,056 (6.0) 1463/23,474 (6.2)
Admission-to-discharge FIM assessment intervall (days), 782 (477) 56.8(22.1) 50.3 (24.7)

mean (SD)

8Cel: cerebral infarction.

PHF: hi p fracture.

SVBF: vertebral fracture.

dpT: physical therapy.

€OT: occupational therapy.

fsLp; speech-language pathol ogy.
INot applicable.

PFIM: Functional Independence Measure. The total FIM score at admission was available for 222/231 (96.1%) patients with Cel, 447/459 (97.4%)

patients with HF, and 141/147 (95.9%) patients with VBF.

iRehabilitation notes were considered matched when areference FIM assessment was avail able for the same patient on the same calendar date. Because
multiple rehabilitation notes could be recorded on the same patient-date, these counts represent matched rehabilitation notes rather than unique FIM

assessments.

IThe admission-to-discharge FIM assessment interval was calculated as the number of days between admission and discharge FIM assessment dates
and was calculable for 214/231 (92.6%) patients with Cel, 426/459 (92.8%) patients with HF, and 130/147 (88.4%) patients with VBF.

As shown in Table 1, the retained note-level outputs were
subsequently matched to observed FIM assessments from the
same patient on the same calendar date. Of the patients with
retained outputs, 231 (99.1%) with Cel, 459 (99.6%) with HF,
and 147 (99.3%) with VBF had at least one matched note and
constituted the matched accuracy analysis set; the corresponding
numbers of matched note records were 3559 (5.4%), 4475
(6.0%), and 1463 (6.2%), respectively.

Output Validity and Estimation Rates

Before matching the note-level outputs to observed FIM
assessments, 164,039 retained rehabilitation-note-level outputs
were available for the evaluation of output validity and
item-level estimability. All 164,039 outputs were successfully
parsed in JSON format. Separately, 42 execution-level
exceptions produced no retained output and were excluded from
the structured-output audit and subsequent matching. The

https://medinform.jmir.org/2026/1/€100624

median rehabilitation note length was 454 tokens (maximum
3056). No model input exceeded the 8192-token context limit,
and none of the 42 execution-level exceptions were attributable
to input length (Table S10 in Multimedia Appendix 2). There
were 2,952,702 eligible note-item pairs (18 FIM items per note).
The model produced 980,000 valid item-level estimates,
corresponding to an overall estimation rate of 33.2%. The
disease-specific estimation rates were 28.8%
(344,597/1,197,162) for Cel, 35.9% (478,782/1,333,008) for
HF, and 37.1% (156,621/422,532) for VBF. Detailed output
validity results by disease are provided in Table S5 in
Multimedia Appendix 2.

Table 2 presents the proportion of casesin whichthe LLM was
ableto estimate each FIM item, stratified by disease and therapy
type. Overall, clear differenceswere observed in the distribution
of estimable FIM items across therapy categories, whereas the
overall distribution patterns were largely consistent across
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diseases. PT and OT showed high estimation rates for motor
itemsrelated to transfers and |ocomotion, whereas SL P showed
lower estimation rates for motor items and relatively higher
estimation ratesfor cognitiveitems, such as comprehension and
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expression. These findings indicate that therapy-specific
differencesin documentation content werereflected initem-level
estimability.

Table 2. LLM? estimation rates of item-level FIMP estimation by disease and therapy type®.

Category and FIM items Celd HF® VBF
PTY notes OT" notes SLP' notes PT notes OT notes PT notes OT notes
(n=29,670)  (n=21,248)  (n=15591)  (n=59,680)  (n=14,376)  (n=19,325)  (n=4149)
Motor items, n (%)
Eating 12,666 (42.7) 4738(22.3)  3977(255)  31,803(53.3) 3997 (27.8) 10,660 (55.2) 1486 (35.8)
Grooming 9580(32.3)  5006(23.6) 482 (3.1) 25,000 (41.9) 2877(20.0) 8535(44.2) 1055 (25.4)
Bathing 9841(33.2) 3139(14.8) 503(3.2) 25793 (43.2) 2922(20.3)  8605(445) 1285 (31.0)
Upper body dressing 11,120 (37.5) 8203(38.6)  443(2.8) 28237 (47.3) 5016(34.9) 9935(51.4) 1938 (46.7)
Lower body dressing 11,009 (37.1) 7772(36.6)  319(2.0) 27,753 (46.5) 4844(33.7)  9661(50.0) 1594 (38.4)
Toileting 24,445 (82.4) 14,885 (70.1) 659 (4.2) 53,810 (90.2) 11,771(8L.9) 17,571(90.9) 3345 (80.6)
Bladder management 1096 (3.7) 2,027 (95  105(0.7) 2055 (3.4) 387 (2.7) 1012 (5.2) 199 (4.8)
Bowel management 1174 (4.0) 1536 (7.2) 145 (0.9) 2199 (3.7) 199 (1.4) 1014 (5.2) 165 (4.0)
Bed/chair/whedichair transfer 28,243 (95.2) 17,958 (84.5) 1018 (6.5) 57,026 (95.6) 12,569 (87.4) 18,457 (95.5) 3571 (86.1)
Toilet transfer 20,489 (69.1) 11,159 (52.5) 215 (1.4) 44610 (74.7) 8242 (57.3) 14,866 (76.9) 2561 (61.7)
Tub/shower transfer 131 (0.4) 2166(102) O 1282 (2.1) 1396 (9.7) 324 (1.7) 524 (12.6)
Walking/wheel chair 28,065 (94.6) 15,015 (70.7) 1009 (6.5) 58,536 (98.1) 11,870 (82.6) 18,845(97.5) 3311 (79.8)
Stairs 4468 (15.1) 684 (3.2) 2(0.0) 7956 (13.3) 241 (1.7) 2755 (14.3) 65 (1.6)
Cognitiveitems, n (%)
Comprehension 10,162 (34.3) 6916(325)  12,286(78.8) 17,841(29.9) 2647 (18.4) 5128(265) 787 (19.0)
Expression 9408(317) 6551(30.8) 12,665(8l.2) 16,585(27.8) 2410(16.8) 4847(25.1)  761(18.3)
Social interaction 116 (0.4) 3375(15.9)  3002(19.3)  472(0.8) 1386 (9.6) 105 (0.5) 386 (9.3)
Problem solving 103 (0.3) 1482 (7.0) 4690 (30.1)  376(0.6) 674 (4.7) 65 (0.3) 242 (5.8)
Memory 397 (1.3) 2080 (9.8) 5863(37.6) 2498 (4.2) 1502 (10.4) 606 (3.1) 355 (8.6)
Mean (%)i 34.2 30.0 16.9 37.6 29.0 38.2 316

3 _LM: large language model.
BFIM: Functional Independence Measure.

CEach cell shows the number of rehabilitation notes for which the LLM produced an estimate for the corresponding FIM item, with the percentage of
analyzed notes for that therapy type shown in parentheses. Column denominators are shown in the header.

dcel: cerebral infarction.

®HF: hip fracture.

"VBF: vertebral fracture.

9PT: physical therapy.

hoT: occupational therapy.

iSLP: speech-language pathol ogy.

IThe arithmetic mean of the percentages across the 18 FIM items.

During thereference data audit, 52 otherwise eligible note-item
pairs arising from 21 patient-date-item groups involving 6
patients were excluded because more than one distinct reference
FIM scorewasrecorded for the same patient, calendar date, and
item.

For the matched accuracy evaluation, 170,744 note-item
opportunities had an available same-day reference FIM score.

https://medinform.jmir.org/2026/1/€100624

The LLM produced an estimate for 57,246 (33.5%) of these
opportunities, whereas 113,498 (66.5%) were nonestimable.
Accuracy and agreement metrics were cal culated conditionally
on the estimabl e note-item pairs.
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Overall Performance

Asshownin Table 3, estimates derived from OT notesgenerally
had lower MAE and RM SE values and higher QWK valuesthan
those derived from PT notes across the three disease cohorts.

Nishiyama et al

In the Cel cohort, SLP-based estimates showed the largest
estimation errors. The ME was positive overall and in the PT
and OT dtrata, indicating mild overestimation on average,
although the direction of error varied by admission FIM
item-score group.

Table 3. FIM®score estimation performance stratified by disease and therapy typeb.

Disease and therapies  MAES (95% Cl) ME (95% Cl) RMSE® (95% Cl) QWk' (95% CI)
Cel®
p7h 0.902 (0.832 t0 0.973) 0.300 (0.221 to 0.375) 1.409 (1.336 to 1.481) 0.762 (0.725 to 0.796)
or 0.794 (0.728 t0 0.859) 0.231 (0.152 t0 0.308) 1.305 (1.232 to 1.377) 0.783 (0.750 t0 0.812)
ap 1.159 (1.047 to 1.270) -0.011 (-0.173 0 0.156) 1.632 (1.520 to 1.746) 0.636 (0.563 t0 0.700)
HFK
PT 0.909 (0.864 t0 0.957) 0.183 (0.124 t0 0.241) 1.430 (1.384 to 1.478) 0.664 (0.638 t0 0.689)
or 0.825 (0.762 t0 0.888) 0.102 (0.029 t0 0.179) 1.361 (1.292 to 1.429) 0.693 (0.652 t0 0.732)
VBF'
PT 0.923 (0.849 t0 0.995) 0.171 (0.070 t0 0.271) 1.428 (1.351 to 1.505) 0.682 (0.629t0 0.727)
or 0.818 (0.723t0 0.913) 0.116 (-0.012 to 0.241) 1.298 (1.183 to 1.405) 0.711 (0.639 t0 0.768)

8FIM: Functional |ndependence Measure.

by/alues are shown as point estimates with 95% Cls estimated using patient-level cluster bootstrap.

°MAE: mean absolute error.
IME: mean error.

®RMSE: root mean squared error.
fQWK: quadratic weighted kappa.
9Cel: cerebral infarction.

hpT: physical therapy.

oT: occupational therapy.

IsLp: speech-language pathol ogy.
KHF: hi p fracture.

'VBF: vertebral fracture.

Patient-level  cluster ~ bootstrap  comparisons  with
Benjamini-Hochberg correction showed significantly lower
MAESs for OT- than for PT-based estimates in the Cel and HF
cohorts but not in the VBF cohort (Table S2 in Multimedia
Appendix 2). In the Cel cohort, both PT- and OT-based
estimates had significantly lower MAEs than SLP-based
estimates. Cognitive items had significantly higher MAEs than
motor itemsin the Cel and HF cohorts, whereas no significant
difference was observed in the VBF cohort. Overall MAEs did
not differ significantly across the three disease cohorts.

Among the 57,246 estimable note-item pairs, 45.9%
(26,285/57,246; 95% Cl 44.5%-47.3%) exactly matched the
reference FIM score, 31.8% (18,196/57,246) differed by exactly
1 point, and 22.3% (12,765/57,246) differed by 2 or more points.
Accordingly, 77.7% (44,481/57,246; 95% CI 76.6%-78.8%)
pairs were within 1 point of the reference score. When all
170,744 matched note-item opportunities with an available
reference score were used as the denominator, including
nonestimable items as unsuccessful estimation opportunities,
the exact-match and within-one-point yields were 15.4%
(26,285/170,744) and 26.1% (44,481/170,744), respectively.

https://medinform.jmir.org/2026/1/€100624

Item-specific agreement and confusion structures are presented
in Table $4 in Multimedia Appendix 2 and Figure Sl in
Multimedia Appendix 3.

Domain-specific performance metrics, including QWk with
patient-level cluster bootstrap 95% Cls, are reported in Table
S8in Multimedia Appendix 2. QW«k was numerically lower for
cognitive than for motor itemsin the Cel (0.660 vs 0.777) and
VBF (0.592 vs 0.692) cohorts, whereas the valueswere similar
between domains in the HF cohort (0.682 vs 0.669).

Performance stratified by sex and age group within each disease
cohort is presented in Table SO in Multimedia Appendix 2.
MAEs were similar between female and male patients across
all three disease cohorts. Across age groups, MAES tended to
increase with age in the Cel and HF cohorts, whereas no clear
age-related pattern was observed in the VBF cohort.

Estimation Performance Stratified by Admission FIM
Scores

Table 4 presents estimation performance stratified by admission
FIM item-score group. Across all diseases, higher admission
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FIM scores were associated with smaller estimation errors, as
reflected by lower MAE and RM SE values. This pattern was
consistently observed in all three cohorts. Consistent with these
findings, the paired margina distributions showed that
LL M-estimated scorestended to be higher than reference scores

Nishiyama et al

in the lower-admission-score group and dlightly lower in the
higher-admission-score group, although the magnitude and
pattern varied across FIM items and diseases (Figure S2 in
Multimedia Appendix 3).

Table 4. FIM@estimation performance stratified by admission FIM item-score group.

Disease and admission FIM item-score

groups MAE? (95% CI) ME€ (95% ClI) RMSEC (95% CI) QWKE® (95% Cl)
celf
Total or maximal assistance 1.096 (1.018t0 1.178) 0.708 (0.611 to 0.808) 1.643(1.563101.727) 0.614 (0.566 to 0.654)
Moderate or minimal assistance 0.912 (0.845 t0 0.976) 0.136 (0.038 t0 0.242) 1.327(1.252t01.396) 0.583(0.523t00.635)
Supervision or higher 0.738 (0.660 to 0.818) -0.140 (-0.218t0-0.068) 1.224(1.137t01.313) 0.580(0.5101t00.630)
HFY
Total or maximal assistance 1.308 (1.239 t0 1.370) 0.758 (0.672 to 0.845) 1.884(1.818101.944) 0.546 (0.514t00.581)
Moderate or minimal assistance 0.878 (0.830 to 0.932) 0.146 (0.064 to 0.231) 1.293(1.234t01.355) 0.556 (0.506t0 0.602)
Supervision or higher 0.661 (0.609 to 0.715) —0.164 (-0.229t0-0.102) 1.119(1.054t01.185) 0.478(0.438t00.516)
vBF"
Total or maximal assistance 1.179 (1.083 t0 1.282) 0.725 (0.599 to 0.865) 1.741(1.633t01.851) 0.650 (0.582t0 0.705)
Moderate or minimal assistance 0.967 (0.885 to 1.062) 0.110 (—0.090 to 0.304) 1.348(1.246t01.463) 0.561 (0.47810 0.633)
Supervision or higher 0.700 (0.616 to 0.791) -0.198 (-0.322t0-0.092) 1.152(1.045t01.268) 0.497 (0.4351t00.547)

3FIM: Functional Independence Measure.
BMAE: mean absolute error.

°ME: mean error.

4RM SE: root mean squared error.

€QWKk: quadratic weighted kappa.

fCel: cerebral infarction.

9HF: hip fracture.

PVBF: vertebral fracture.

Comparison With Naive Baselines

As shown in Table 5, the LLM was compared with two naive
baselines using the same set of sampleswithin each comparison.
For the per item most-frequent-score baseline comparison
(57,246/170,744, 33.5%), the LLM achieved substantidly a
lower MAE in every disease cohort (overall MAE 0.901 vs
1.661). For the LOCF baseline comparison (n=43,718), LOCF
had a lower error (overall MAE 0.648 vs 0.825). Among the

https://medinform.jmir.org/2026/1/€100624

43,718 LOCF-dligible note-item pairs, 28,472 (65.1%) had an
unchanged reference FIM score from the previous assessment,
whereas 15,246 (34.9%) had a changed reference FIM score.
TheLLM showed similar MAEsin the unchanged and changed
subsets (0.821 and 0.834, respectively). In the changed subset,
the LLM had alower MAE than LOCF (MAE 0.834 vs 1.859).
Most changed pairs represented improvement (13,833/15,246,
90.7%).
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Table5. LLM?2performance compared with baselines (M AEb; patient-level cluster bootstrap).

Comparison Subset Note-item pairs, n MAE (LLM) MAE (baseline) AMAE (95% ClI)

LLM vs most-frequent- All retained matched 57,246 0.901 1.661 -0.761 (-0.812 to

score baseline estimable pairs -0.706)

LLM vs LOCFE® All LOCF-€ligiblepairs 43,718 0.825 0.648 0.177 (0.133t0 0.219)

LLM vsLOCF Observed FIM® 15,246 0.834 1.859 -1.025 (-1.079to
changed -0.973)

LLM vsLOCF Observed FIM stable 28,472 0.821 0.000 0.821 (0.779 to 0.859)

& _LM: large |anguage model.

bMAE: mean absolute error.

YL OCF: |ast-observation-carried-forward.
dFIM: Functional Independence Measure.

Comparison by FIM Item

To further examine differencesin estimation performance across
therapy categories, item-level estimation errors were analyzed
by disease and therapy type. Tables S6 and S7 in Multimedia
Appendix 2 present theMAE and ME for each FIM item. These
item-level error patterns should be interpreted with caution for
items with limited sample sizes, particularly in some therapy-
and disease-specific subgroups (Table S1 in Multimedia
Appendix 2). Overall, relatively smaller errors were observed
for several mobility- and transfer-related items, whereas larger
errorswere observed for bathing-rel ated, sphincter control, and
some coghitive items, depending on therapy type.

Discussion

Principal Findings

Summary

This study demonstrated both the potential and the limitations
of LLM-based FIM score estimation from rehabilitation notes.
The model generated estimates for 33.2% of eligible note-item
pairs, and 77.7% of estimable pairs were within 1 point of the
same-day reference score. Estimability varied substantially by
FIM item and therapy type, indicating that the information
available for scoring depends on the documentation content.
OT-derived estimates generally showed numerically lower errors
than PT-derived estimates, although the adjusted difference in
MAEs was significant for Cel and HF but not for VBF. In the
Cel cohort, SLP-derived estimates showed higher errors,
whereas their estimability was concentrated on selected
cognitiveitems. Finally, errorswere larger for lower admission
FIM item-score groups, with atendency toward overestimation
at lower scores and underestimation at higher scores. These
findings indicate that estimation performance is conditional on
both the source documentation and the patient’s level of
functional independence.

Item-Level Interpretation

Physical Therapy

In evaluations based on PT, relatively small estimation errors
were observed for several transfer-related items, particularly
bed/chair/wheelchair and toilet transfers. These activities

https://medinform.jmir.org/2026/1/€100624

represent core evaluation targets in PT, and information
regarding task performance and the required level of assistance
isoften explicitly documented in rehabilitation notes. However,
performance varied across other mobility-related items,
including walking or wheelchair use, stairs, and tub or shower
transfers.

In addition, cognitive items, such as comprehension, expression,
social interaction, problem solving, and memory, are typically
documented by physical therapists only in relation to physical
safety or the patient’s ability to follow exercise instructions.
Because these descriptions are qualitative and context dependent
rather than structured assessments of cognitive function, they
may not provide sufficient information for the model to
accurately estimate standardized scores, which may have
contributed to the larger estimation errors observed for these
items.

Occupational Therapy

In evaluations based on OT, relatively stable estimation errors
were observed across diseases for items primarily related to
personal ADLSs, such asdressing, grooming, and toileting. These
activities congtitute the core of assessment and training in OT,
and the frequent inclusion of concrete, ADL-oriented
descriptionsin rehabilitation notes may have contributed to the
stability of estimation performance.

In contrast, bladder and bowel management showed a different
pattern from other personal ADL items. Although toileting was
frequently documented in OT notes, bladder and bowel
management had substantially lower estimation rates (Table 2).
Thisfinding indicated that sphincter control information is not
routinely captured in therapist-authored rehabilitation notes.
These items are inherently system dependent, primarily
governed by ward-level nursing protocols and medical
interventions rather than therapist-led functional training. OT
notes sel dom contain the specific information needed to estimate
these items, such as details on incontinence frequency or the
level of assistancerequired for bladder and bowel management.
In addition, item-level errorsfor bladder and bowel management
should be interpreted cautiously because they were based on
small samples and varied across disease subgroups. These
findingsindicate that sparse documentation of sphincter control
information primarily limitsthe estimability of theseitemsfrom
OT notes.

JMIR Med Inform 2026 | vol. 14 | 100624 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Notably, estimation errors for mobility- and transfer-related
items were comparable between OT and PT notes, or smaller
for OT notes in some analyses, although these items are
conventionally regarded as PT-focused domains. PT notes may
emphasize mobility performance under structured rehabilitation
conditions, whereas OT notes often describe mobility and
transfers within specific ADL tasks, including the assistance
required and relevant contextual constraints. Because FIM scores
reflect independencein daily activities, such contextualized OT
documentation may align more closely with the reference
assessments.

Speech-L anguage Pathology

In evaluations based on SLP, estimation errors were generally
larger overall. Focusing on cognitive items, comparable levels
of estimation errorsto those observed in OT and PT werefound
for items such as comprehension, expression, social interaction,
problem solving, and memory, indicating the difficulty of
consistently estimating these cognitive functions from
rehabilitation notes.

One possible explanation is that SLP notes often center on
specific training tasks, such as auditory comprehension exercises
or oral reading practice, and their levels of achievement, with
detailed descriptions of performance in task-specific contexts.
In contrast, information regarding the extent to which these
abilitiesareindependently manifested indaily living situations,
or how they influence communication with others, isnot always
explicitly documented. As a result, inferring FIM cognitive
items, which assess functional independence in everyday life,
from task-level performance descriptions is challenging, and
this may have contributed to the observed estimation errors.

Comparison With LOCF

Overall, the LLM had ahigher MAE than LOCF. However, the
LLM showed similar MAEs in the stable and changed subsets,
with no substantial difference in estimation error according to
whether the FIM score had changed since the previous
assessment. This may reflect a fundamental difference in the
information used by the two approaches: LOCF directly relies
on the previous FIM score, whereas the LLM estimates the
current FIM score from functional information documented in
rehabilitation notes at the same time point.

Intheanalysisstratified by elapsed time since the previous FIM
assessment, LOCF had alower MAE thanthe LLM in all three
strata. The difference was statistically significant in the 1-14-
and >29-day strata but not in the 15-28-day stratum (Table S11
in Multimedia Appendix 2). Thesefindingsindicate that LOCF
remained a strong baseline across the elapsed-time strata. At
the same time, the potential value of the approach may lie not
only in replacing LOCF on the basis of predictive accuracy but
alsoinits ability to derive standardized functional information
from routinely documented free-text rehabilitation notes.

Overestimation and Underestimation AcrossFIM Score
Levels

Systematic differences in estimation error were observed
according to the level of functiona independence. The LLM
tended to overestimate FIM scores in the severe assistance

https://medinform.jmir.org/2026/1/€100624
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group, whereas underestimation was observed in the
higher-score groups. This trend was also reflected in the
marginal distributions of thereference and LLM-estimated FIM
scores across admission item-score groups, athough its
magnitude and pattern varied across diseases and FIM items
(Figure S2 in Multimedia Appendix 3). Two possible
contributing factors are differences in the clinical contexts in
which ADLs were observed and statistical characteristics of
prediction on the bounded 1-7 FIM scale.

One possible clinical explanation is a difference in the criteria
and contexts used for evaluating ADLS. In clinical assessment,
adistinction is sometimes made between performed ADL s (what
patients actually do in daily life) and capable ADLs (what
patients are able to do under optimal conditions). In addition,
when assessing performed ADLSs, if apatient’s ahility fluctuates
throughout the day, the more dependent level of performance
isgenerally recorded [25]. In this study, the observed FIM scores
used asthe reference standard were primarily based on patients
performancein ward settings, assessed by nurses and therapists,
and were therefore intended to reflect performed ADLS. In
contrast, rehabilitation notes reflected observations made
primarily by therapists during rehabilitation sessions.

Accordingly, rehabilitation notes may have placed relatively
greater emphasison ADL performance observed under assisted,
structured, or environmentally adjusted conditions than on
patients usual performance in dailly ward activities. This
difference in observational context may have contributed to
higher LLM-estimated scores, particularly among patients
requiring substantial assistance.

A second possible explanation isthat imperfect predictionstend
to be less extreme than the observed scores on the bounded 1-7
FIM scale. Consequently, low observed scores are more likely
to be overestimated, whereas high observed scores are more
likely to be underestimated. The floor and ceiling constraints
of the scale may further contribute to this pattern by limiting
the possible direction of errors at the extremes. Therefore, both
differences in observational context and the tendency of the
LLM to produce less extreme predictions may have contributed
to the observed pattern of estimation error.

A broader consideration in interpreting these estimation errors
isthat the reference FIM scores were based on routine clinical
assessmentsjointly performed by nurses and therapists and may
therefore include some degree of variability arising from
differencesin observation, professional perspective, and clinical
judgment. Previous studies have reported high interrater
reliability for the total FIM score, with a median reliability
coefficient of 0.95. At the item level, reliability varied
substantially, with generally higher reliability for motor items
than for cognitive and communication items [2]. In this study,
agreement between the LLM-estimated and reference item
scores, assessed using pooled QWkK, was 0.713 (95% CI
0.694-0.731). This value cannot be directly compared with
published estimates of human interrater reliability, because the
measures differ in their statistical definitions, units of analysis,
study populations, and assessment settings. Nevertheless, given
the known variability in human FIM assessment, the observed
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disagreement likely reflects not only model prediction error but
also some variability inherent in the reference assessment.

Need for Multisource Clinical Data I ntegration

FIM itemsrelated to sphincter control consistently showed low
estimability by the LLM across all therapy categories and
disease groups. Although sphincter control constitutes an
essential component of FIM, information relevant to theseitems
is often not systematically documented in the free-text notes
written by physical therapists, occupational therapists, or
speech-language pathol ogists.

This finding indicates that when only therapist-authored notes
are used as input, the information required to estimate items
that strongly depend on ward-level daily living and nursing
care, such as sphincter control, is inherently missing from the
text.

Therefore, to reconstruct FIM tragjectories in a more
comprehensive and accurate manner, it isnecessary to integrate
therapi st-authored notes with nursing records and other sources
of EHR data. For example, combining structured records of
toileting patterns with observational descriptions documented
in nursing records may help complement aspects of daily
functioning that are difficult to capture using therapist notes
alone. Overall, these results highlight the limitations of relying
on single-profession clinical notes for LLM-based FIM score
estimation and underscore the importance of multisource data
integration strategies.

Previous clinical NLP research has shown that different types
of clinical documents contain complementary patient
information and yield different extraction patterns [26].
Consistent with these observations, PT, OT, and SLP notes
should not betreated asinterchangeabl e, and future multisource
models should represent note source explicitly and evaluate
source-specific performance.

In addition to integrating multiple data sources, future studies
should consider the architecture used to convert clinical text
into FIM scores. Although our zero-shot end-to-end approach
reduces the need for task-specific annotation, intermediate
representations, and rule devel opment, providing a condensed
FIM rubric does not ensure that each estimate is supported by
the appropriate item-specific criteriaor explicit evidence in the
note. Previous clinical NLP studies have demonstrated both
extraction-first approaches that map relevant clinical attributes
to standardized clinical scores[27] and modular LLM pipelines
that decompose clinical feature extraction into multiple stages
[28]. Applied to FIM estimation, a similar two-stage pipeline
could first extract relevant functional attributes and supporting
text and then apply item-specific scoring rules. Such an approach
could improve auditability and help distinguish extraction errors
from scoring errors. However, it would require validated
schemas and scoring rules and could propagate errors between
stages.  Direct  comparison of end-to-end and
structured-extraction-first approaches is therefore warranted.
In addition to predictive accuracy, future evaluations should
assess whether each estimate is supported by explicit evidence
in the note and is consistent with the applicable item-specific
FIM criteria

https://medinform.jmir.org/2026/1/€100624
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Limitations

This study has severa limitations. First, it was conducted at a
single ingtitution and focused on specific disease groups in a
convalescent rehabilitation ward; therefore, the generalizability
of the findings should be interpreted with caution.

Second, the evaluation was based on a lightweight LLM
intended for in-hospital deployment and a condensed 7-level
FIM scoring rubric, rather than the full item-specific decision
rules used in comprehensive FIM manuals. This may have
limited fine-grained item-level scoring. In a small, partially
overlapping supplementary pilot, the OT<PT<SLP ordering of
the MAE was reproduced across the Gemma and Qwen
prompt-model  configurations, indicating that the
therapy-specific pattern may not be uniqueto Gemma. However,
Llama-3-ELY ZA-JP-8B produced no usable estimates for the
requested FIM item keys, and the limited pilot sample does not
establish generalizability across lightweight LLMs. A
supplementary comparison of gemma-2-9b-it with other
comparably sized open models is presented in Multimedia
Appendix 4.

Third, the analysis was limited to free-text notes written by
therapists, and the performance of models integrating
multidisciplinary records, such as nursing or physician notes,
was not evaluated.

Fourth, accuracy analyses were restricted to rehabilitation notes
recorded on the same day as an observed FIM assessment.
Because documentation on assessment days may be more
comprehensive than routine notes, the reported accuracy may
overestimate performancein routine clinical documentation. In
addition, because nonestimable item scores were not imputed,
the model did not provide complete longitudinal trajectories.
Although LOCF was evaluated as a naive comparator,
carry-forward approaches may lag behind changesin functional
status. Alternative approaches for handling missing estimates,
including multiple or model-based imputation, remain to be
evauated in future studies.

Fifth, the study period overlapped with the COVID-19
pandemic, during which changesin infection control protocols,
staffing, rehabilitation delivery, and documentation practices
may have affected the data available for analysis. Because no
notes or LLM estimates were generated when therapy was not
provided, pandemic-related changes may have atered the
patients and clinical situations represented in the analyzed data
and introduced unmeasured temporal variation in estimation
performance.

Finally, the clinically recorded FIM scores were used as the
reference standard but should not be regarded as error-free
ground truth. FIM scoring involves clinical judgment and
inherent interrater variability, even when scores are determined
through multidisciplinary assessment. Consequently, part of the
disagreement attributed to the LLM may reflect variability in
thereference FIM scores. Because independent duplicate ratings
were unavailable, interrater reliability could not be estimated
within this cohort. In addition, because blinded human ratings
based solely on the same rehabilitation notes were unavailable,
we could not distinguish model-specific errors from
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disagreement arising from differences in the observational
contexts and functional information represented by
therapi st-authored notes and ward-based FIM assessments.

Conclusion

The locally deployed LLM in this study showed the potential
toderiveitem-level FIM estimatesfrom Japanese rehabilitation
notes. Among estimable note-item pairs with a same-day

Nishiyama et al

FIM items, diseases, and admission functional severity,
underscoring the importance of the type and content of the
source documentation. These findings support the potential use
of LLM-based estimation to structure functional information
contained in routine rehabilitation notes and complement
periodic FIM  assessments. Further integration of
multidisciplinary clinical records and external validation are
needed to improve estimability and establish its utility for

reference FIM score, 77.7% werewithin 1 point of the reference
score. Performance and estimability varied acrosstherapy types,

longitudinal functional monitoring and clinical workflow
support.
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Independence Measure; LLM: large language model; LOCF: |ast-observation-carried-forward; MAE: mean absolute error; ME:
mean error.
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Prompt and model sensitivity analysis.
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MAE: mean absolute error

ME: mean error

NER: named entity recognition

NLP: natural language processing

OT: occupational therapy

PT: physical therapy
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