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Abstract

Background
Nursing assessments capture functional status and nursing-sensitive risks that are incompletely
represented by diagnostic and administrative data. Integrating these dimensions may support
multidimensional risk stratification. This study aimed to identify nursing assessment–derived risk
profiles in adult inpatients, develop a VALENF Instrument–based classifier for automated profile
assignment, and assess the profile-specific clinical equivalence of classifier-assigned profiles in an
independent cohort.

Methods
This retrospective single-centre study included a development cohort of 2666 episodes and an
independent cohort of 8218 episodes. Unsupervised clustering using age, sex, Charlson Comorbidity
Index, and complete Barthel, Braden, and Downton assessments generated the reference profiles.
Logistic regression, random forest, support vector machine, k-nearest neighbours, and ensemble models
were evaluated across 1000 repeated 80/20 train–test splits. The final model was retrained on the
complete development cohort and applied unchanged to the independent cohort. Profile distribution,
ordinal gradients, and profile-specific clinical equivalence were assessed using Spearman correlations,
bootstrap confidence intervals, and clinical margins.

Results
Five ordered profiles were identified (1: low-risk, 2: low-risk clinical-burden, 3: moderate-risk, 4: high-risk,
5: very-high-risk). Mean macro-F1 ranged from 0.819 to 0.842 across individual classifiers. Random
forest was selected because it combined adequate performance (macro-F1 0.825; 82.43% correct
assignments) with the lowest net imbalance towards lower-risk assignments. In the independent cohort,
redistribution occurred between the two lower-risk profiles, whereas the remaining profiles had similar
proportions. The ordinal gradient was preserved, and 25 of 30 profile-specific comparisons (83.3%) met
the clinical-equivalence criterion.

Conclusions
Nursing assessment data supported five clinically interpretable, multidimensional risk profiles. A
VALENF-based Random Forest classifier enabled automated assignment with adequate internal
performance, while the independent cohort supported preservation of the aggregate clinical profile
structure. Multicentre studies with complete reference assessments and prospective evaluation are
required before clinical implementation.
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1. BACKGROUND
Adult inpatient units care for an increasingly ageing and multimorbid population, whose clinical
complexity is not fully captured by the number of diagnoses. The interplay between comorbidity,
functional status and care needs is associated with greater resource utilisation, adverse events and
poorer outcomes [1–3]. However, the characterisation of multimorbidity among hospitalised patients is
heterogeneous and tends to take only limited account of functional and care-related dimensions [2].

Nursing assessments conducted on admission generate structured data on dimensions only partially
captured by diagnostic and administrative systems [3]. Diagnosis-related groups (DRGs) may align
poorly with patients’ care requirements [4], while care complexity is associated with mortality [5] and
adverse events [6]. Functional status, pressure injuries and falls are likewise associated with poorer
outcomes and longer hospital stays [7, 8]. Yet these dimensions are typically assessed using separate
instruments, and few integrated frameworks support systematic assessment of hospitalised patients [9].

The VALENF Instrument integrates functional status and pressure injury and fall risks into seven items
and estimates Barthel Index, Braden Scale and Downton Fall Risk Index scores [10, 11]. Integration into
routine clinical documentation provides these scores, albeit separately. The relationship among the three
constructs raises the possibility of identifying multidimensional profiles to support nursing decision-
making.

Clustering techniques can identify clinically interpretable subgroups based on patterns across variables,
although the resulting solutions depend on the variables included, the algorithm used and how the
clusters are interpreted [12]. Moreover, identifying profiles does not guarantee their operational use: a
procedure is needed to assign new episodes to these profiles using variables routinely available in
clinical practice [13, 14]. Accordingly, this study aimed to identify nursing assessment–derived risk
profiles in adult inpatients, to develop a VALENF Instrument-based classifier for automated profile
assignment, and to assess the profile-specific clinical equivalence of classifier-assigned profiles in an
independent cohort

2. METHODS

2.1 Study design
A retrospective observational study was conducted using a development cohort and an independent
cohort, both drawn from Hospital Universitario La Plana (Spain). The development cohort was used to
derive the profiles and to develop and internally evaluate several supervised learning models. The final
model was applied without modification to the independent cohort to assess the distribution of the
assigned profiles and their clinical equivalence to the original profiles. Study reporting was guided by the
Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis + 
Artificial Intelligence statement (TRIPOD + AI), where applicable [15]. This analysis was conducted as
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part of the registered VALENF-FTR project (ISRCTN77057974) and addresses one of its prespecified
objectives.

2.2 Setting and study cohorts
The development cohort, derived from the VALENF Instrument project, included 2,666 hospital episodes
involving adult patients admitted to Hospital Universitario La Plana (Spain) between October and
December 2020 and during the corresponding period in 2021 [16]. The independent cohort, derived from
the VALENF-FTR project, comprised a sample of 8,218 episodes recorded between March 2023 and
February 2024. VALENF Instrument data were routinely recorded as part of standard nursing care and
retrospectively extracted for analysis.

In both cohorts, the inclusion criteria were age ≥ 18 years, an expected hospital stay of ≥ 48 h and a
nursing assessment conducted within the first 24 hours after admission. No additional exclusion criteria
were applied. The hospital episode was the unit of analysis. Both datasets are available in the Universitat
Jaume I institutional repository [17, 18]. Both projects were approved by the hospital’s Research Ethics
Committee (VALENF Instrument: approval code 12/01/2021; VALENF-FTR: approval code CEIC-PLANA-
13/2024-01), and the requirement for informed consent was waived for both because of their
retrospective designs and use of registry data.

2.3 Variables
Data on age, sex, admission type, clinical process type, the Charlson Comorbidity Index [19] and length
of hospital stay were available for both cohorts. The development cohort additionally included the total
score for each instrument and all 21 individual items across the Barthel Index, Braden Scale and
Downton Fall Risk Index [20–22]. Both cohorts included the VALENF Instrument, a seven-item meta-
instrument that assesses functional status, pressure injury risk and fall risk, and estimates scores for all
three instruments [10, 11].

2.4 Data analysis
Continuous variables were summarised using the mean (m) and standard deviation (SD), or the median
(Me) and interquartile range (IQR); categorical variables were summarised using frequencies (n) and
percentages (%). The cohorts were compared using absolute standardised differences (ASDs), with
values < 0.10 considered negligible [23]. The analytical sequence was then: i) Unsupervised identification
of clinical risk profiles; ii) Development and internal evaluation of the VALENF-based classifier; iii)
Evaluation of the profiles in an independent cohort (Fig. 1).

[INSERT Fig. 1 HERE]

Figure 1. Analytical pipeline of the study.

2.4.1 Unsupervised identification of clinical risk profiles.

Page 5/24



In the development cohort, solutions with four to six profiles were explored using age, sex, Charlson
Comorbidity Index, and the 21 items and total scores of the Barthel Index, Braden Scale, and Downton
Scale. Variables were standardised using z-scores.

Fuzzy c-means and hierarchical clustering with Ward's method and squared Euclidean distance were
applied. Solutions with four to six profiles were compared considering the separation, homogeneity, and
size of the groups, the clinical risk gradient, and interpretability.

2.4.2 Development and internal evaluation of the VALENF-
based classifier.
The resulting profiles served as the reference labels. The following algorithms were evaluated: logistic
regression (LR), random forest (RF) (10 trees trained with 70% random subsamples), support vector
machine (SVM), k-nearest neighbours with six neighbours and Euclidean (KNNE) and Manhattan (KNNM)
distances, and six ensemble models. The same 1,000 random train–test splits were used for each
algorithm. In each split, 80% of the development cohort was used for training and 20% for testing.

The final selection combined predictive performance and clinical direction of errors. For each model,
macro-F1 values, correct assignments, and assignments to profiles above and below the reference were
calculated. Excess lower assignments were defined as the difference, in percentage points, between
lower and higher assignments; values close to zero indicated less imbalance between the two directions.
Error patterns were represented using column-normalised confusion matrices. The selected model was
retrained on the full cohort and applied without modification to the independent cohort.

2.4.3 Evaluation of the profiles in an independent cohort.
The ordinal gradient was assessed using Spearman's rank correlation coefficient (ρ) between the profile
and age, Charlson Comorbidity Index, Barthel Index, Braden Scale score, Downton Scale score, and
length of stay. For each variable and profile, the mean difference (independent cohort minus
development cohort) and the standardised difference were calculated, using the standard deviation (SD)
of the variable in the development cohort as the denominator. 95% confidence intervals (CIs) were
estimated using 5,000 independent, non-parametric bootstrap resamples [24]. Based on the
interpretation ranges of the instruments and the characterisation of the profiles, the clinical equivalence
margins were pre-specified: age ± 5 years; Charlson Comorbidity Index ± 1 point; Barthel Index ± 10;
Braden Scale score ± 3; Downton Scale score ± 1; and length of stay ± 2 days. The criterion was met when
the entire 95% CI fell within the corresponding margin [25]. Statistical significance was not used to
determine equivalence. For categorical variables, differences in proportions and bootstrap 95%
confidence intervals were calculated. Analyses were performed using Julia 1.12, with two-tailed tests
and p < 0.05 where appropriate.

2.5 Use of generative artificial intelligence
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During manuscript preparation, the authors used OpenAI ChatGPT to support editorial restructuring,
language refinement, literature identification and the preparation of reporting checklists. AI-generated
outputs were critically reviewed and independently verified by the authors, including all scientific
statements and cited sources. All methodological decisions, analyses and interpretation of the results
remained under the responsibility of the authors, who take full responsibility for the content of the
manuscript.

3. RESULTS

3.1 Characteristics of the study cohorts
The development and independent cohorts comprised 2,666 and 8,218 episodes, respectively. The
independent cohort had a higher mean age (m = 69.87 vs 68.09; ASD = 0.103) and a higher mean
Charlson Comorbidity Index score (m = 3.97 vs 3.48; ASD = 0.195). The distributions by sex and clinical
process type were similar (ASD = 0.03), while emergency admissions were less frequent in the
independent cohort (82.04% vs 85.18%; ASD = 0.085). The mean length of stay was 6.53 (development
cohort) and 6.89 (independent cohort) days (Table 1).

Table 1
Characteristics of the Development and Independent Cohorts

Variable Cohort    

Development (n = 2666) Independent (n = 8218)

m (95% CI) m (95% CI) Differencea ASDb

Age 68.09 (67.41–68.76) 69.87 (69.50–70.23) + 1.78 0.103

Charlson Index 3.48 (3.39–3.57) 3.97 (3.91–4.03) + 0.49 0.195

Length of stay 6.53 (6.27–6.78) 6.89 (6.74–7.04) + 0.37 0.054

  n (%) n (%) Differencea ASDb

Male sex 1390 (52.14) 4404 (53.59) + 1.45 p.p. 0.029

Urgent admission 2271 (85.18) 6742 (82.04) −3.14 p.p. 0.085

Medical process 1843 (69.13) 5568 (67.75) −1.38 p.p. 0.030

a: Independent cohort minus development cohort. For categorical variables, the difference is expressed
in percentage points; b: Absolute Standardised Difference.

3.2. Nursing assessment–derived risk profiles
The five-profile hierarchical solution was selected. The low-risk clinical-burden profile was the largest
group (n = 1,026; 38.5%), whereas the high-risk profile was the smallest (n = 318; 11.9%). A progressive
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gradient was observed across the five groups, characterised by increasing age and Charlson
Comorbidity Index scores, poorer functional status and higher pressure injury and fall risks (Table 2).

The two lower-risk profiles (low-risk and low-risk clinical-burden, respectively) showed near-complete
functional independence (Barthel: 99.45 and 98.16), low pressure injury risk (Braden: 21.64 and 21.08)
and low fall risk (Downton: 0.09 and 0.49). However, patients in the latter were older (63.74 vs 49.61
years) and had greater comorbidity (Charlson: 2.87 vs 1.26). The moderate-risk profile combined greater
comorbidity with an intermediate level of functional impairment (m = 88.38) and higher fall risk (m = 
1.71). The high-risk profile was characterised by marked functional impairment (m = 53.76), a lower
Braden Scale score (m = 16.46) and predominance of female patients (61.32%). Finally, the very-high-risk
profile comprised older patients (m = 82.28) with greater comorbidity (m = 5.28), high functional
dependence (m = 9.09) and the highest pressure injury (m = 11.64) and fall risks (m = 2.86). Urgent
admissions (97.15%) and medical processes (90.50%) predominated in this group. Item-level descriptive
analyses for the Barthel Index, Braden Scale and Downton Fall Risk Index by profile are presented in
Additional file 1: Table S1.
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Table 2
Descriptive characteristics of the five-cluster solution obtained from hierarchical cluster analysis.

  Profiles (n; %)

Low-risk Low-risk

clinical-
burden

Moderate-
risk

High-risk Very-high-
risk

Hospitalization
episodesa

401 (15.04) 1026
(38.48)

500 (18.75) 318 (11.93) 421 (15.79)

Sexb          

Men 242 (60.35) 554 (54.00) 282 (56.40) 123 (38.68) 189 (44.89)

Women 159 (39.65) 472 (46.00) 218 (43.60) 195 (61.32) 232 (55.11)

Process typeb          

Medical 215 (53.62) 697 (67.93) 337 (67.40) 213 (66.98) 381 (90.50)

Surgical 186 (46.38) 329 (32.07) 163 (32.60) 105 (33.02) 40 (9.50)

Admission typeb          

Urgent 316 (78.80) 802 (78.17) 447 (89.40) 297 (93.40) 409 (97.15)

Scheduled 85 (21.20) 224 (21.83) 53 (10.60) 21 (6.60) 12 (2.85)

  m (95% CI) m (95% CI) m (95% CI) m (95% CI) m (95% CI)

Age 49.61
(48.05–
51.16)

63.74
(62.82–
64.65)

74.47
(73.29–
75.63)

76.58
(74.86–
78.30)

82.28
(81.11–
83.45)

Charlson
Comorbidity Index

1.26 (1.09–
1.43)

2.87 (2.74–
3.00)

4.29 (4.09–
4.48)

4.58 (4.34–
4.82)

5.28 (5.10–
5.45)

Functional capacity
(Barthel Index)

99.45
(99.17–
99.73)

98.16
(97.83–
98.49)

88.38
(87.15–
89.60)

53.76
(51.68–
55.83)

9.09 (7.77–
10.39)

Pressure injury risk
(Braden Scale)

21.64
(21.51–
21.76)

21.08
(20.98–
21.17)

19.28
(19.08–
19.47)

16.46
(16.17–
16.62)

11.64
(11.39–
11.88)

Fall risk (Downton) 0.09 (0.06–
0.126)

0.49 (0.45–
0.51)

1.71 (1.64–
1.77)

2.03 (1.91–
2.15)

2.86 (2.75–
2.96)

a: Percentages per row; b: Percentages per column

3.3. VALENF-Based Classifier model selection and internal
performance
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Mean macro-F1 ranged from 0.819 to 0.842 for the individual classifiers and from 0.820 to 0.838 for the
ensemble models. SVM achieved the highest macro-F1 (0.842) and proportion of correct assignments
(84.10%); SVM + LR+RF was the best-performing ensemble (macro-F1 = 0.838; 83.69% correct
assignments) and had the lowest proportion of assignments below the reference profile (10.02%)
(Table 3).

Table 3
Internal performance and directional assignment patterns across 1000 repeated train–test splits

Algorithma Mean macro- F1
(95% CI)

Assignment patterns (%)

Correct To higher-
risk

To lower-
risk

Excess
assignmentb

Individual classifiers

SVM 0.842 (0.841–
0.843)

84.10 5.66 10.24 4.58

LR 0.833 (0.832–
0.833)

83.06 6.45 10.49 4.04

RF 0.825 (0.824–
0.826)

82.43 7.40 10.17 2.77

KNNE 0.821 (0.820–
0.822)

82.03 6.51 11.46 4.95

KNNM 0.819 (0.818–
0.819)

81.80 6.92 11.29 4.37

Ensemble classifiers

SVM + LR + RF 0.838 (0.837–
0.839)

83.69 6.29 10.02 3.73

SVM + KNNE 0.831 (0.830–
0.832)

83.07 6.09 10.84 4.75

SVM + KNNM 0.830 (0.829–
0.831)

82.93 6.29 10.78 4.49

LR + KNNM 0.825 (0.824–
0.826)

82.45 6.68 10.87 4.19

SVM + KNNE + 
KNNM

0.823 (0.822–
0.824)

82.24 6.43 11.32 4.89

KNNE + KNNM 0.820 (0.819–
0.820)

81.89 6.74 11.37 4.63

a: SVM: support vector machine; RF: Random Forest; KNNE = K-nearest neighbours using Euclidean
distance; KNNM: K-nearest neighbours using Manhattan distance; LR: logistic regression.
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b: Excess assignment was calculated as lower-risk assignment minus higher-risk assignment. Values
closer to zero indicate less imbalance between the two directions of misclassification; positive values
indicate a net excess of lower-risk assignments.

Note

Risk profiles were ordered from 1 —lower risk— to 5 —highest risk—. Assignment to a higher-risk profile
refers to cases classified into a profile with a higher numerical value than the reference profile.
Assignment to a lower-risk profile refers to cases classified into a profile with a lower numerical value
than the reference profile.

RF achieved a macro-F1 of 0.825 and 82.43% correct assignments, with the highest proportion of
assignments above the reference profile (7.40%) and the smallest excess of below-reference over above-
reference assignments (2.77 percentage points). Based on these criteria, RF was selected as the final
model, retrained using the full development cohort and applied without modification to the independent
cohort. Figure 2 shows the confusion matrices for the five individual classifiers and the best-performing
ensemble. Across all models, profile 4 had the lowest proportion of correct assignments and was most
frequently confused with profiles 3 and 5. The RF-assigned profiles showed a clinical structure similar to
that derived from the clustering analysis, with higher-risk profiles characterised by increasing age and
comorbidity, poorer functional status and higher pressure injury and fall risks (Fig. 3).

[INSERT Fig. 2 HERE]

Figure 2. Mean confusion matrices for individual classifiers and the best-performing ensemble across
1,000 train–test splits.

Note

Columns represent the clustering-derived observed profiles and rows represent the classifier-assigned
profiles. Cell values are mean column-normalised percentages calculated within each observed profile.
Risk profiles were ordered from 1 (lowest risk) to 5 (highest risk). Random Forest was the selected final
classifier.

[INSERT Fig. 3 HERE]

Figure 3. Clinical structure of clustering-derived and Random Forest–assigned risk profiles in the
development cohort.

Note

Left: shows profiles derived from the complete nursing assessment using hierarchical clustering. Right:
shows profiles assigned using the VALENF-based Random Forest classifier. Variables were rescaled to a
common metric for visualisation; functional capacity and pressure injury risk scores were directionally
transformed so that higher values consistently represented greater clinical risk.
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3.4. Evaluation of the profiles in the independent cohort
In the independent cohort, the proportion of episodes assigned to the low-risk profile increased from
15.04% to 27.35% (difference: +12.31 percentage points; 95% CI: 10.71–13.98), whereas the proportion
assigned to the low-risk clinical-burden profile decreased from 38.48% to 25.74% (− 12.75 percentage
points; 95% CI: −14.86 to − 10.71). The proportions assigned to the moderate-, high- and very-high-risk
profiles were very similar between cohorts (Table 4).

The ordinal gradient was maintained in the independent cohort. Profile level was positively correlated
with age (ρ = 0.572), Charlson Comorbidity Index (ρ = 0.521), Downton Fall Risk index (ρ = 0.933) and
length of stay (ρ = 0.193) and inversely correlated with Barthel Index (ρ=−0.853) and Braden Scale
(ρ=−0.868); all correlations were statistically significant (p < 0.001).
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Table 4
Distribution and profile-specific clinical equivalence of classifier-assigned profiles in the independent

cohort
Distribution of risk profiles

Profilea Cohort n (%) Difference

  Development Independent Percentage
points (95% CI)

Standardised

P1 401 (15.04) 2248 (27.35) + 12.31 (10.71–
13.98)

+ 0.305

P2 1026 (38.48) 2115 (25.74) −12.75 (− 14.86 
− 10.71)

−0.276

P3 500 (18.75) 1618 (19.69) + 0.93 (− 0.80–
2.71)

+ 0.024

P4 318 (11.93) 934 (11.37) −0.56 (− 1.95 − 
0.88)

−0.018

P5 421 (15.79) 1303 (15.86) + 0.06 (− 1.54–
1.66)

+ 0.002

Summary of profile-specific clinical equivalence

Variable Clinical margin Profiles
meeting
criteriona

Largest mean difference

Raw Standardised

Age ± 5 years 3/5 (P3, P4,
P5)

+ 6.96 (P1) 0.392 (P1)

Charlson ± 1 point 3/5 (P3, P4,
P5)

+ 0.88 (P1) 0.366 (P1)

Barthel ± 10 points 5/5 −5.60 (P4) 0.163 (P4)

Braden ± 3 points 5/5 + 0.77 (P3) 0.195 (P3)

Downton ± 1 point 5/5 + 0.57 (P2) 0.461 (P2)

Length of stay ± 2 days 4/5 (P1, P2,
P3, P5)

+ 1.50 (P4) 0.223 (P4)

a: P1: Low-risk profile; P2: Low-risk clinical-burden profile; P3: Moderate-risk profile; P4: High-risk
profile; P5: Very-high-risk profile

Note: Differences are independent cohort minus development cohort. The profile-specific criterion
was met when the complete 95% bootstrap confidence interval for the mean difference was
contained within the clinical margin. Standardised differences were calculated using the standard
deviation of the corresponding variable in the complete development cohort.

Of the 30 comparisons, 25 (83.3%) met the clinical equivalence criterion. The criterion was met for the
Barthel Index, Braden Scale and Downton Fall Risk Index across all five profiles and for length of stay in
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four. The moderate and very-high-risk profiles met the criterion for all six variables. The criterion was not
met for age and the Charlson Comorbidity Index in the low-risk and low-risk clinical-burden profiles, or for
length of stay in the high-risk profile. Compared with the development cohort, patients assigned to the
low-risk and low-risk clinical-burden profiles in the independent cohort were older (+ 6.96 and + 4.18
years) and had higher Charlson Comorbidity Index values (+ 0.88 and + 0.84 points). Length of stay in the
high-risk profile was 1.50 days longer in the independent cohort. Detailed results are presented in
Additional file 1: Table S2.

4. DISCUSSION
This study not only identified five risk groups but also translated nursing assessment into a
multidimensional, ordered representation of vulnerability on admission. The two lower-risk profiles
showed preserved functional independence and low pressure injury and fall risks but differed in age and
comorbidity. Greater disease burden may coexist with preserved function and does not alone imply
greater needs for functional support or preventive care. This non-linear pattern is consistent with
evidence that the relationship between multimorbidity and functional status varies by disease
combinations rather than their number [26]. The profiles represent multidimensional configurations on
admission, not prognostic categories.

The transition across the moderate, high and very-high-risk profiles was gradual. The high-risk profile
showed the greatest classification uncertainty. The underlying dimensions vary continuously, whereas
clustering introduces discrete operational boundaries. Ocagli et al. [13] also identified an intermediate
zone of assignment uncertainty in care-intensity classification. Clustering solutions depend on variables,
scales, metrics and algorithms and may emerge without clear natural boundaries [12]. The five profiles
therefore represent a clinically interpretable, data-driven structure rather than fixed or universal patient
phenotypes; episodes near profile boundaries could be accompanied by membership probabilities or
review alerts.

The supervised phase translated this classification into a VALENF-based classifier using the hospital’s
routine nursing assessment. Although SVM achieved the highest macro-F1 (0.842) and the highest
proportion of correct assignments (84.10%), its absolute advantage over RF was limited (0.017 in macro-
F1; 1.67 percentage points in correct assignments). By contrast, RF showed the highest proportion of
assignments above the reference profile (7.40%) and the smallest net imbalance towards below-
reference assignments (2.77 percentage points). Given that the classifier is intended to support risk
stratification and prioritisation of preventive interventions, this pattern was considered clinically more
cautious because it reduced the net imbalance towards lower-risk assignment. RF selection therefore
balanced overall performance against the clinical direction of errors, rather than indicating predictive
superiority. However, higher-risk assignment could prompt unnecessary assessments or preventive
interventions. Longitudinal studies should compare the potential clinical and economic consequences of
higher- and lower-risk assignments [27]. The independent cohort provided evidence regarding the clinical
stability of the profiles in a different case mix but did not constitute a conventional external validation of
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classification accuracy. Changes in profile distribution were concentrated in the two lower-risk profiles,
whereas the proportions of the moderate-, high- and very-high-risk profiles differed little between
cohorts. The ordinal gradient was maintained in the independent cohort and 25 of the 30 comparisons
met the pre-specified criteria for clinical equivalence. The profile structure thus appears relatively robust
yet sensitive to population change. The literature on dataset shift cautions that temporal changes in
patient characteristics, clinical practice or documentation may alter model behaviour within one
organisation [28, 29]. The clustering-derived reference profiles were unavailable for the independent
cohort because the VALENF Instrument, rather than the complete Barthel, Braden and Downton
assessments used for clustering, was routinely recorded during the study period.

Furthermore, Barthel, Braden and Downton scores in the development cohort were obtained from the
original instruments, whereas those in the independent cohort were estimated using the VALENF
Instrument. The preservation of the risk gradients is a favourable finding, but it may partly reflect the
relationship between the seven VALENF items and the estimated scores for the three instruments.
Accordingly, differences in age and Charlson Comorbidity Index values in the two lower-risk profiles, and
in length of stay in the high-risk profile, are particularly informative because these variables are not
directly derived from the VALENF Instrument. External validation should involve concurrent application of
the classifier and the full nursing assessment to generate classifier-independent reference profiles and
examine associations between profile assignments and outcomes such as functional decline, pressure
injuries, falls or in-hospital mortality. Another avenue would be to examine whether changes in risk
profile occur in relation to predefined clinical events, such as surgical procedures, transfers to or from
the intensive care unit (ICU) or failure-to-rescue events.

From a clinical informatics perspective, the study’s contribution lies in linking profiles derived from a
comprehensive nursing assessment with profile assignment based on seven routinely documented
items. This approach may facilitate the synthesis and visualisation of multidimensional information, but
the present study does not yet demonstrate improvements in decision-making, resource use or
outcomes. Evidence on nursing classification systems remains limited [30]. Before implementation,
profile-specific interventions, procedures for managing uncertain assignments and arrangements for
professional oversight need to be defined, and the model’s comprehensibility and integration into clinical
workflow need to be evaluated. FUTURE-AI [27], DECIDE-AI [31] and the implementation literature
emphasise prospective evaluation and consideration of human and organisational factors to determine
whether retrospective performance translates into clinical utility [32].

The study’s strengths include routinely collected structured nursing data, the combination of
unsupervised and supervised learning, the use of the same 1,000 data splits across algorithms, explicit
consideration of the direction of classification errors, pre-specified clinical equivalence margins and
application of the final model without modification to an independent cohort. The limitations include the
retrospective, single-centre design; dependence on variable and algorithm selection; limited
hyperparameter optimisation; the absence of a complete, independent reference assessment; and the
lack of clinical outcome data and conventional external evaluation. The findings support the clinical
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coherence and technical feasibility of the approach, but do not establish its effectiveness. The next step
should combine multicentre validation using a complete reference assessment with prospective
evaluation of clinical utility and safety.

5. CONCLUSIONS
Five clinical risk profiles derived from nursing assessments conducted on admission were identified, and
a classifier based on the VALENF Instrument was developed for profile assignment, with adequate
internal performance and a lower imbalance towards assignments to lower-risk profiles. The ordinal
gradient was preserved, and most profile-specific comparisons met the clinical-equivalence criterion in
the independent cohort, although between-cohort differences were observed in the distribution of the
lower-risk profiles, the age and comorbidity of patients assigned to them and the length of stay of
patients assigned to the high-risk profile. These findings support the feasibility of using nursing
assessment data for automated, clinically interpretable risk stratification. Multicentre studies are needed
to assess the accuracy, stability and impact on care delivery of this approach and to determine whether
it has clinical utility.
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Figure 1

Analytical pipeline of the study.
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Figure 2

Mean confusion matrices for individual classifiers and the best-performing ensemble across 1,000
train–test splits.

Note: Columns represent the clustering-derived observed profiles and rows represent the classifier-
assigned profiles. Cell values are mean column-normalised percentages calculated within each observed
profile. Risk profiles were ordered from 1 (lowest risk) to 5 (highest risk). Random Forest was the
selected final classifier.
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Figure 3

Clinical structure of clustering-derived and Random Forest–assigned risk profiles in the development
cohort.

Note: Left: shows profiles derived from the complete nursing assessment using hierarchical clustering.
Right: shows profiles assigned using the VALENF-based Random Forest classifier. Variables were
rescaled to a common metric for visualisation; functional capacity and pressure injury risk scores were
directionally transformed so that higher values consistently represented greater clinical risk.
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