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Abstract. Hospital falls are common and costly, yet fall risk is heterogeneous, limiting one-size-

fits-all prevention. We aimed to derive interpretable, deployable fall-risk profiles from electronic 

health records (EHRs) to support subgroup-specific interventions. In a retrospective observational 

study using EHR data from a large German university hospital (2016–2022; N=932,102), we 

trained an ensemble model to predict inpatient falls and computed patient-level Shapley Additive 

Explanations (SHAP). We then clustered fall-risk-flagged patients in SHAP space to obtain 

clinically interpretable risk profiles, benchmarked this approach against alternative clustering 

strategies, and assessed threshold trade-offs for high-risk classification. The ensemble achieved 

excellent discrimination (AUROC 0.95) and strong performance for the rare outcome (AUPRC 

0.36) on a held-out test set. The model outperforms a guideline-features-only baseline and is 

competitive with prior falls prediction models in the literature. SHAP-space clustering yielded nine 

distinct, interpretable risk groups with specific risk factors. This allows actionable mapping to 

guideline domains and enabling tailored interventions based on established risk profiles. Overall, 

we provide an approach of how explainable, outcome-guided clustering can translate EHR-based 

fall prediction into tailored interventions in inpatient care. 

Keywords: inpatient falls, risk prediction, electronic health records, explainable AI, SHAP, patient 

stratification 
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1 Introduction 

Falls are a major concern: globally, they account for around 684,000 deaths per year, with approximately 37.3 million 

incidents requiring medical intervention [1]. Between 0.85% and 1.5% of total healthcare costs are attributable to falls 

[2], with up to 42% of falls deemed preventable through the implementation of multicomponent nonpharmacological 

interventions [3]. Preventing falls among hospitalized patients is one critical concern for patient safety and resource 

allocation. Traditional fall risk assessments are administered at admission and throughout hospitalization [4]. However, 

these approaches lack high predictive validity to differentiate between high and low fall risk [4], as they do not consider 

a patient's detailed medical history. In practice, they favor sensitivity, i.e., they capture most patients who might fall, 

at the expense of specificity, resulting in nearly all patients being labeled “high risk” [5]. This leads to interventions 

that are too broad and could be better tailored to individual patients' needs, which may strain clinical resources. 

Recent global guidelines have underscored the need to refocus fall prevention on personalized, multifactorial 

interventions. The World Falls Guidelines [6] recommend that patients identified as high risk for falling should receive 

a comprehensive multifactorial falls risk assessment with personalized “tailored” interventions. In other words, after a 

general risk flag, clinicians must drill down into each individual’s unique combination of risk factors, from mobility 

and cognition to medications and environment, and tailor interventions accordingly. Given the heterogeneous nature 

of these risk factors, individualizing care plans is difficult in practice. There is a clear need for data-driven tools to 

support this process by stratifying high-risk patients into meaningful subgroups and identifying which factors to target 

for each subgroup. 

Prior work has shown that fall-risk prediction is feasible across clinical settings, including inpatient EHR-based 

prediction and longer-term risk forecasting [7,8,9]. Yet integrating such models into routine clinical workflows remains 

challenging, because prevention workflows must operationalize guideline recommendations under resource constraints 

[5,6]. In line with recent research calls [10], our work incorporates large-scale predictive analytics into healthcare, 

using patient records to predict fall risks and generate actionable insights. Notably, the growing digitization of health 

records has made such analyses possible on an unprecedented scale [11]. However, building effective solutions 

requires careful balancing between model generalization and patient-specific specifics [12]. What’s more, integrating 

such models into routine clinical workflows remains challenging. Recent work on deployable EHR-based machine 

learning systems shows the importance of closing the loop from prediction to actionable clinical outputs, such as risk 
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monitoring dashboards [10]. However, building effective solutions requires careful balancing between model 

generalization and patient-specific nuance [12]. 

Recent developments in Explainable Artificial Intelligence (XAI) highlight promising strategies to unpack how diverse 

variables combine to influence a single outcome, such as hospital-based falls [13,14]. However, existing approaches 

either (i) stratify patients using coarse checklist-based tools that prioritize sensitivity and therefore over-alert while 

providing limited specificity [4,15–18], (ii) cluster patients in outcome-agnostic feature space, which can reveal latent 

structure but is not necessarily tied to falls outcomes or intervention relevance [19,20], or (iii) provide local 

explanations without aggregating them into reusable subgroup summaries that are actionable [13,20–22]. At the same 

time, clinician-facing explanation formats can materially affect trust and decision behavior [14]. An approach is needed 

that combines risk prediction with explanation-driven subgrouping to derive clinically interpretable risk profiles that 

can be mapped to tailored interventions [6,23]. 

This paper presents a methodological framework for identifying fall risk factors at the patient group level 

while retaining interpretability for clinical use. A patient group is defined as a subset of the patient population who 

share specific characteristics identified by the method. We train machine learning models on an EHR dataset covering 

2016–2022 to predict inpatient falls. Using SHapley Additive exPlanations (SHAP) for model explainability, we then 

perform outcome-guided clustering of patients to reveal distinct risk profiles. In contrast to clustering patient records 

independent of the risk assessment, the clustering of local explanations allows to identify risk profiles associated with 

a particular target variable, such as fall risk. And in contrast to local explanations alone, the grouping via clustering 

methods allows to identify commonalities between risk profiles of individual patients.  

Our main contributions are as follows: 

• Identify salient fall risk factors using machine learning models on large-scale EHR data that exceed or 

are competitive with prior falls prediction models in the literature. 

• Apply SHAP values to provide local transparency into each prediction. 

• Generate patient subgroups via SHAP-based clustering, unveiling different combinations of risk factors 

that lead to falls. 

• Evaluate whether the risk profiles stratify observed fall incidence in a held-out evaluation cohort 

compared with feature-space clustering baselines. 



 

5 

 

• Integrate the model into clinical decision-making by mapping new patients to these risk profiles in real-

time and suggesting cluster-specific preventive measures based on literature. 

2 Research Background 

2.1 Fall Risk Assessment 

Fall risk research has ventured in three main areas: (i) identifying fall indicators, (ii) improving fall risk assessment 

tools, and (iii) developing interventions to prevent falls in hospitals. Comprehensive guidelines, such as the World Fall 

Guidelines [6] or national guidelines, including the Expert Standard on Falls in Germany [24], consolidate this 

knowledge. They serve as foundational resources for tailored, institution-specific patient assessment strategies. The 

guidelines stress multifactorial approaches that examine person-specific risk factors (age, history of falls, fear of 

falling, cognitive impairment, depression, etc.), medication-related risk factors (polypharmacy, especially 

psychotropics), and environmental risk factors (e.g., poor lighting, obstacles, inadequate footwear). Extensive research 

has identified specific person-related conditions that contribute to increased fall risk, including diabetes mellitus [25], 

pointing in the direction of more nuanced explanations for fall risk. Recent studies have highlighted the role of frailty 

[26,27], pain, and malnutrition [28]. 

The implementation of fall risk assessment tools in clinical practice are manual and checklist-based. Common 

instruments like the Morse Fall Scale [29], STRATIFY [30], and Hendrich II [31] cover a range of person- and 

medication-specific risk factors: they include nursing observations (e.g., mobility or the Barthel Index for activities of 

daily living), fall history, fear-of-falling scales, and basic balance or gait tests, such as Timed Up and Go [32] and 

Tinetti [33]. These practices have been shown to have limited predictive accuracy and broad applicability [15, 16]. In 

a systematic review, Park [4] emphasized the use of two assessment tools rather than one, as the included assessment 

tools did not demonstrate sufficiently high predictive validity to differentiate between high and low fall risk. In practice, 

as noted, most of these tools err on the side of caution (high sensitivity), flagging a large proportion of patients as at 

risk while lacking specificity. For instance, many hospitals find that well over half of inpatients trigger a fall risk alert 

under current protocols, which can lead to “alert fatigue” and less targeted prevention measures [18]. 

2.2 Machine Learning and Heterogeneity in Fall Risk 

Recent machine-learning studies have used diverse data sources and settings for fall-risk modeling, including acute 

inpatient EHRs [7,9,34,35], long-term care data [36], disease-specific cohorts [37], sensor-based trajectories [38], and 



 

6 

 

explainable geriatric assessments [13]. Ossai et al. [34] proposed a real-time risk profiling approach in acute care that 

(a) used multivariable logistic regression to identify key risk factors of falls, pressure injuries, and combined 

vulnerability, and (b) evaluated multiple classifiers to predict discrete risk categories at admission, with an additional 

illustrative cost-savings calculation based on length-of-stay assumptions. Chu et al. [35] and Thapa et al. [36] similarly 

illustrate that combining multi-domain clinical information, such as comorbidities, can yield richer risk 

characterizations than single-score tools, while Huang et al. [37] exemplify risk modeling within a specific neurological 

subgroup (Parkinson’s disease). Complementary lines of work leverage sensor signals to derive sequential risk patterns 

[38] or explainability on assessment-based features, such as SHAP on geriatric measures [13]. Due to methodological 

constraints and data limitations, the above studies tend to be based on small cohorts and include mostly known risk 

factors. 

Crucially, research has increasingly recognized that “one size fits all” interventions may not work equally for all 

patients. In a meta-analysis, Morris et al. [5] discuss numerous intervention methods to reduce fall rates in a hospital 

setting. The authors cite patient and staff education as an important lever to reduce hospital falls, ultimately 

emphasizing the importance of multifactorial interventions. The authors noted that interventions need to be evidence-

based and targeted, given the variability in what causes falls for different patients. Morris et al. [5] also point out the 

need for evidence-based treatment and intervention plans, given the conflicting results of various studies. In particular, 

the fall risk assessment instrument tool must balance a trade-off between its sensitivity, i.e., capturing all potential fall-

risk patients, and either precision or specificity, i.e., implementing targeted interventions for those confirmed to be at 

greatest risk to ensure efficient resource allocation [17]. 

This is consistent with the idea of heterogeneous treatment effects in healthcare, whereby patients or subgroups may 

respond very differently to the same intervention. Traditionally, clinical research and guidelines examine average 

effects [39]. Crucially, both fall-risk drivers and responses to prevention measures can vary substantially across 

patients, consistent with heterogeneous treatment effects in clinical care [40-41]. Yet estimating highly granular causal 

effects for individuals from observational EHR data is difficult in practice, especially under high dimensionality and 

noise [42,43]. We therefore pursue a pragmatic middle ground: we cluster patient-level explanation patterns among 

alerted patients to derive risk profiles with distinct combinations of risk drivers that can be mapped to subgroup-tailored 

prevention strategies. 
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This advance, which can be described as the combination of unsupervised and supervised machine learning models to 

improve transparency and guide outcomes, have gained some promising traction: Miotto et al. [19] demonstrated that 

unsupervised deep representations of EHR data (“Deep Patient” model) could identify patient profiles, though not 

explicitly tied to outcomes. A similar clustering approach by Lee et al. [44] also lacks interpretability. More recently, 

Li et al. [22] and Carr et al. [23] have shown the value of combining clustering with explainability or outcome guidance. 

Li et al. [22] introduced an interpretable clustering framework for clinical time-series, where local feature importance 

was used to form clusters that are both data-driven and clinically meaningful. Carr et al. [23] similarly argued that 

incorporating outcome information (like whether a fall occurred) during clustering can produce patient groups that 

better capture disease-relevant features than purely unsupervised methods. Loftus et al. [20] provide a narrative review 

on clinical subgroup clustering in healthcare and stress the importance of interpretability for clinical adoption. 

Clinicians need to understand why patients are grouped together and what risk factors define each subgroup. Grouping 

local explanations such as SHAP values or decision rules to describe each cluster, can bridge that gap. Here we leverage 

well established clustering methods to group risk factors of individual patients’ predictions. This approach provides 

both a global perspective (a cluster-level synopsis of risk factors) and a local perspective (patient-specific justifications) 

to enhance confidence and ease of use in regulated clinical contexts. 

Building on this background, our study uses an outcome-guided clustering framework that integrates EHR data, 

including nursing documentation, to capture important fall risk factors. By identifying risk profiles and linking them 

to targeted intervention strategies, we aim to operationalize the personalized approach advocated by fall prevention 

guidelines. The modeling idea is sketched in Fig. 1. 
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Fig. 1 Identification of patient risk profiles using machine learning, SHAP values, and clustering. 

3 Methods and Data 

3.1 Data Sources and Coding 

We conducted a retrospective observational study using pseudonymized EHR data from a large German university 

hospital. Inpatient admissions from 2016 to 2022 were considered. To enrich the data for fall events, we included all 

patients who experienced one or more falls during the period (as documented in incident reports), as well as a sample 

of patients who did not fall; inclusion among all patients was limited to adults (age ≥18) and to ensure a broad 

representation across hospital services, non-fallers were drawn from the 20 departments with the highest fall counts 

(e.g., oncology, geriatrics, neurology, neurosurgery, internal medicine, psychiatry; excluding intensive care units)1. 

The final dataset comprised 932,102 unique patients, of whom 10,443 (1.12%) had at least one recorded fall during 

their hospital stay. This resulted in a highly imbalanced dataset (Table 1). We address class imbalance through 

appropriate choice of evaluation metrics, such as AUPRC and F1. For each patient, we extracted demographics (age, 

sex), diagnoses, procedures, nursing care data2, which encompasses, among others, mobility, gait, medication, and fall 

 

1 
Our evaluation of the university hospital's fall risk model demonstrated varying levels of accuracy, precision, and recall, as detailed in Appendix 

A. Based on logistic regression, patients labeled "+" (increased fall risk) are over four times (OR 4.17) more likely to fall, while those with "++" 

(strongly increased fall risk) have over six times (OR 6.31) the risk compared to those marked "0".
 

2
 In some cases, diagnoses may not have been coded until the end of the hospital stay. In these cases, the diagnosis date is too late and is sometimes 

disregarded for machine learning. However, procedures necessary for billing purposes were subject to more precise dating. 
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risk assessment scores documented by nursing staff at admission and every 7 days thereafter (the hospital uses a three-

level scale: “0” = no risk, “+” = some risk, “++” = high risk). 

Diagnosis data included ~12.18 million entries coded in ICD-10-GM (the German modification of the International 

Classification of Diseases, 10th Revision). Procedure data included ~5.72 million entries coded in OPS (Operationen- 

und Prozedurenschlüssel, the German procedure coding system). Both coding systems are hierarchical, allowing 

aggregation into broader categories when needed. Based on clinical consultation, we applied a data cleaning step: 

diagnoses marked with low certainty (about 4.1% of diagnosis entries) were removed to avoid spurious information. 

Missing age data for a small fraction of non-fallers (<0.05%) were imputed with the median age (57 years), with no 

age data missing for fallers. Nursing care data was absent in 76% of all patients, primarily because routine nursing 

documentation was not initiated for patients who were screened at admission as sufficiently independent/fit and 

therefore did not require a formal nursing care assessment within the nursing care module. We also derived from 

hospital records whether each patient had any documented falls prior to the first inpatient fall (for fallers) or during 

their hospital stays (for non-fallers), and we recorded the initial nursing risk assessment score for falls at admission. 

These serve as baseline comparisons for our model’s predictive performance. To prevent data leakage, only data 

available before a fall incident or before discharge for non-fallers was used via the clinic’s timestamps. 

Table 1 Patient attributes and faller vs. non-faller comparison from 2016 to 2022. Values are presented as mean ± 

standard deviation or count (percentage). 
Characteristic All Patients 

 
(n = 932,102, 100%) 

Non-Faller 
(n = 921,658, 98.8%) 

Faller 
(n = 10,443, 1.12%) 

Male (m) 435,324 (46.71%) 429,578 (46.62%) 5,746 (55.02%) 

Female (w) 496,588 (53.29%) 491,891 (53.38%) 4,697 (44.98%) 

Age (years) 57.44 ± 19.76 57.23 ± 19.70 76.03 ± 15.72 

Diagnoses / patient 4.82 ± 6.73 4.67 ± 6.48 17.96 ± 12.46 

Procedures / patient 1.96 ± 3.46 1.88 ± 3.34 8.90 ± 6.12 

 
Fallers were significantly older (Cohen's d = 0.956) and had more complex medical histories. In our data, the five most 

common diagnosis categories among fallers were (1) family history of health risk factors, (2) ischemic heart disease, 

(3) metabolic disorders (e.g., diabetes), (4) hypertension, and (5) musculoskeletal disorders (see Appendix B). Non-

fallers shared many of the top diagnoses (reflecting overall hospital case mix), but fallers had higher rates of 

cardiovascular and metabolic issues, likely due to their higher age. On the procedure side, fallers most frequently 

underwent imaging, circulatory system procedures, e.g., catheterizations, and oncologic treatments, such as radiation 
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or chemotherapy. Two procedure categories notably more prevalent in fallers were computed tomography (72% vs. 

16%) and patient monitoring (56% vs. 12%). 

3.2 Predictive Modeling 

We formulated fall prediction as a binary classification problem: fall vs. no-fall during the hospital stay. Features were 

constructed from the patient’s data available up to the time of fall for fallers, or up to the end of the hospital stay for 

non-fallers (see Fig. 2). In practice, for patients who fell, we included all diagnoses and procedures recorded before 

their first fall event to avoid labeling consequences of the fall as causes. Guideline-specified fall risk factors included: 

fall during current stay; walking impairment; balance/gait impairment; use of a walking aid; gait assessment; fall within 

the last 12 months; number of falls in the last 12 months; transfer impairment; transfer assistance; cognitive 

impairment; disorientation (time/place/own person); agitation; confusion; bed-mobility impairment; bed-mobility 

assessment; skin condition relevant to mobility; presence of medical items (e.g., infusion, catheter); impairment of 

excretions; urinary/faecal incontinence; nocturia; use of psychotropic or sedative medications; decubitus; and fall 

during transfer. For patients who did not fall, we included data from their entire hospitalization. Each patient thus has 

a feature vector summarizing their demographics, diagnoses, procedures, and nursing care data prior to fall or prior to 

discharge for non-fallers. Categorical features (ICD-10-GM and OPS) were one-hot encoded using codes on the group 

level. A higher number of digits indicates a more specific diagnosis, e.g., "J45" indicates asthma, while "J45.0" 

indicates predominantly allergic asthma. Like the ICD, OPS codes have a hierarchical structure, e.g., "8-98" indicates 

various complex treatments, while "8-981" indicates a neurological complex treatment. The first two characters of the 

codes were used for grouping. 

Fig. 2 Modeling of medical events during the patient's hospital stay. 

We leveraged an AutoML library (AutoGluon) to explore a suite of models—logistic regression, multilayer perceptron 

(neural network), random forest, gradient-boosted trees (XGBoost and LightGBM), and stacked ensembles. We 

performed a patient-wise random split into a training set used for cross-validation and model selection (80%; 
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n=745,682) and a final held-out test set for all reported performance and threshold analyses (20%; n=186,420). Model 

selection and hyperparameter tuning were performed using 5-fold cross-validation on the training set, with the area 

under the precision–recall curve (AUPRC) as the primary metric for optimization. AUPRC is well-suited for 

imbalanced data because it focuses on performance in the minority class and is less dominated by the abundance of 

negative cases. It also evaluates model performance across all possible prediction thresholds, aligning with our interest 

in how different threshold choices affect precision and recall. For comparability, we additionally report macro-F1 and 

operating-point metrics (sensitivity/recall, specificity, precision/PPV) at selected probability thresholds. 

To address severe class imbalance, we optimized model selection using AUPRC and evaluated all final results on the 

held-out test set with the natural outcome distribution. We avoided using oversampling techniques, such as SMOTE, 

during training to keep the training data as representative as possible. To improve the understanding of the model 

predictions and to investigate the underlying fall risk factors in detail, we used SHAP, a game-theoretic technique that 

can interpret model outcomes [21]. The resulting values, known as SHAP values, indicate the mean deviation from the 

mean prediction when a conditioning on a single feature, thereby revealing the impact of individual features on model 

outcomes. By relating the magnitude of features to their relevance in the model predictions, SHAP values can provide 

insight into different risk factors and latent interactions at the instance level [45]. For the implementation, we used 

FastSHAP [46] which has become a popular, more efficient variant of the original implementation. 

3.3 Threshold Analysis for Model Deployment 

The envisioned use of our model is as a clinical decision support tool that runs in parallel with standard care processes. 

During patient admission and evaluation, the model would generate a fall risk prediction (with a probability score). If 

the predicted risk is above a chosen threshold (see Threshold Analysis below), the patient is flagged as high-risk for 

falls. At that point, the system provides two levels of explanation: (1) an individual SHAP explanation highlighting 

the patient’s top risk-increasing and risk-decreasing factors, and (2) a cluster assignment suggestion indicating if the 

patient matches one of the pre-identified risk clusters. Fig. 1 illustrates this integration conceptually. In practice, a 

clinician reviewing the alert would see something like: “High fall risk predicted. Key factors: age 85 (+), recent surgery 

(+), use of sedative medications (+), independent mobility (-). Patient fits Cluster 2— ‘Frail patients with rehabilitation 

needs’.” The clinician can then confirm the relevance of this profile and initiate a tailored care plan accordingly. Each 

cluster is linked to a standardized set of recommended interventions.  
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A practical aspect is choosing the probability threshold at which to classify a patient as “high risk.” In training, we 

optimized for overall AUPRC, considering all possible thresholds simultaneously. Depending on hospital priorities, 

one might prefer a sensitive or a more specific model. For deployment, the model outputs a fall-risk probability score 

per admission that can be converted into an alert via a probability threshold. We therefore conducted a post-hoc 

threshold analysis on the held-out test set using candidate thresholds and reporting sensitivity, specificity, precision 

(PPV), and the number needed to evaluate (NNE = 1/PPV). The PPV can characterize the workload–benefit trade-off 

for clinic administration and nursing care personal. 

3.4 SHAP-Based Patient Clustering 

Our next step was to identify clusters of high-risk patients with similar risk-factor patterns in their local explanations, 

rather than clustering raw features. In this representation, each patient is described by a vector of feature-attribution 

values, where larger positive values indicate stronger contributions toward the model predicting a fall. Clustering in 

SHAP space groups patients by the model-attributed drivers of risk (e.g., mobility, cognition, medications), rather than 

by feature similarity alone, yields subgroup-level “why” profiles that are globally interpretable, align directly with 

guideline-based multifactorial assessment, and can be translated into tailored intervention bundles for each cluster. To 

ensure an unbiased summary, we clustered only the held-out test-set predictions and their SHAP vectors, thus 

preventing information leakage from training/validation into subgroup discovery. We constructed a vector of SHAP 

values for each patient using the final model: Sp = (s₁, s₂, …, sm), where m is the number of features. Here sᵢ is the 

SHAP value for feature i, representing how much that feature pushed the model’s prediction for patient p above or 

below the baseline fall probability. 

Patients who have similar SHAP value profiles can be considered to have similar risk factor contributions, even if their 

raw feature values differ. For example, two patients may differ in absolute age or diagnosis codes, yet both may be 

‘high-risk’ primarily due to prior falls and sedating medication exposure, leading to similar SHAP patterns. We applied 

K-means clustering to the matrix of SHAP value vectors for patients who were predicted by the model to be at risk of 

falling. To determine an appropriate number of clusters k, we used the elbow method on the clustering distortion—the 

within-cluster sum of squared distances. As shown in Fig. 3, the elbow plot suggested an optimal clustering around k 

= 9 clusters for our data. Increasing beyond 9 yielded diminishing returns (clusters became too small or too similar), 

while fewer than 9 clusters would merge distinct risk profiles and reduce granularity. We prioritized a solution that 

maximized within-cluster similarity of SHAP profiles, because our goal is to define groups for which very specific, 
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tailored interventions can be designed. After clustering, we characterized each cluster both externally by patient 

attributes and in terms of their respective risk factors. 

 

Fig. 3 (1) K-elbow plot to determine the number of clusters with an optimum of k=9 and (2) intercluster distance map 

with all features reduced to a two-dimensional vector space using multidimensional scaling (MDS)—a distance-

preserving technique that places high-dimensional points in 2D while approximately maintaining their pairwise 

dissimilarities [47]. 

We evaluated whether explanation-space clustering yields risk profiles that are (i) coherent in terms of risk drivers and 

(ii) clinically meaningful in terms of fall incidence separation among patients who would trigger an alert. We 

benchmarked SHAP-space K-means against representative baselines operating on (a) raw feature space (K-means, 

Gaussian mixture model, Ward agglomerative, spectral clustering), (b) reduced feature representations (PCA(95%) + 

K-means), and (c) score-only stratification (predicted-risk quantile bins). 

To quantify clinical stratification among alerted patients, we defined a held-out high-risk evaluation cohort as test-set 

admissions that would trigger an operational alert at a prespecified probability threshold (p ≥ 0.08). For each method, 

we computed cluster-level observed fall incidence with 95% Wilson confidence intervals and summarized outcome 

separation by (i) incidence range (max–min), (ii) incidence ratio (max/min), and (iii) IQR of incidence across clusters. 

We refer to a method as having stronger outcome separation when it yields larger values on these stratification 

summaries, reflecting greater dispersion of observed incidence across clusters in the alerted cohort. We additionally 

assessed risk–outcome alignment using Spearman correlation between cluster mean predicted risk and observed 

incidence, and cluster-level calibration error (MAE). For method-level summaries, clusters contributing <1% of the 

evaluation cohort were collapsed. 

In a prospective deployment, new inpatients (not seen during training) predicted as high risk must be assignable to one 

of the discovered risk clusters to surface the most relevant, subgroup-specific risk drivers. This enables tailored 
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interventions aligned with guideline-recommended multifactorial care. We propose a simple distance-based method to 

assign new patients to clusters in the SHAP space. 

To support prospective use, we map newly alerted patients to the discovered SHAP-based risk profiles by nearest-

centroid assignment in SHAP space via k-means prediction. To avoid unstable labels, we apply two confidence checks: 

(i) the patient must lie within a distance threshold defined by the empirical distribution of within-cluster distances (e.g., 

90th percentile), and (ii) the closest cluster must be sufficiently closer than the second-closest. Patients failing either 

check are marked unassigned. Distance mapping are reported in full Appendix C and the overall modeling pipeline of 

section 3 is sketched in Fig. 4. 

Fig. 4 Workflow for fall-risk profiling and placement of SHAP-space clustering. Patients with predicted fall-risk 

probability p above the alert threshold τ form the alert cohort used for risk-profile discovery. Risk profiles are defined 

by cluster centroids and then used prospectively to assign newly alerted patients by nearest-centroid mapping. Note: p 

denotes the model-predicted fall-risk probability; in the main analyses τ = 0.08. 

4 Results 

4.1 Predictive Modeling 

Table 2 presents selected evaluation metrics for representative models. A weighted ensemble model L3 achieved the 

highest AUPRC (0.357) on the test set, an AUROC of ~0.946, and among the highest recall, while maintaining good 

precision (Table 2). It significantly outperformed the hospital’s existing fall risk score baseline odds ratios (Appendix 

A). The precision-recall performance, while modest in absolute terms, was far above the no-skill baseline (prevalence 

~1.2% so baseline AUPRC ~0.012). By contrast, the simplified model that only used guideline-specified risk factors 

(26 features corresponding to factors like history of fractures, mobility impairment, cognitive impairment, depression, 

1) Model development 

(train/validation)

2) Evaluation on Held-out Test & 

phenotype discovery 

3) Prospective deployment for new 

admissions

EHR extraction

Patient-wise split

Train (80%) + Hold-out Test 

(20%)

5-fold CV on Train

(model selection + tuning)

Fit final model

(on Train)

Apply final model

to Held-out Test

Compute SHAP vectors

for test patients

Define alert cohort

(p ≥ τ)
Cluster SHAP vectors

(K-means)

Interpret clusters
Freeze risk profile definitions

(centroids + assignment thresholds)

New patient assessed via risk score + SHAP

→ risk profile label (if assignable)
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etc.) performed much worse (AUPRC ~0.05, AUROC ~0.82). This highlights that additional EHR variables carry 

important predictive signal that the traditional risk factors alone do not capture. For example, our full model found that 

certain procedure categories (like hemodialysis, or physical therapy orders) were among the top predictors of falls, 

whereas a guideline-based model focusing on diagnoses might disregard those entirely. 

Table 2 Model performance metrics on the test set. AUPRC, AUROC and F1 (macro) metrics for various prediction 

models to predict falls based on patient history. The XGBoost: Fall Guidelines model has been trained only on features 

that are considered in the World Falls Guidelines and a common German fall standard [6, 24]. 

ML 
Metric 

Logistic 
Regression 

Neural Net for 
Classification 

RandomForest 
Gini BAG L2 

Weighted 
Ensemble_L3 

LightGBMXT 
BAG L2 

XGBoost: 
Fall 

Guidelines 

F1 
(macro) 

0.5053 0.6084 0.6345 0.6313 0.6318 0.5057 

AUPRC 0.1079 0.1639 0.3343 0.3568 0.3449 0.0486 

AUROC 0.9044 0.8802 0.9373 0.9463 0.9472 0.8225 

Using the threshold analysis (Fig. 5), we could consider a threshold around 0.08, which roughly corresponds to a 

sensitivity of ~0.55 as a reasonable setting, close to the hospitals' baseline sensitivity of the current fall risk assessment. 

In practice, that means for every ~5 patients flagged, ~1 would be a true faller. Hospital units can likely accommodate 

this ratio, deploying preventive rounds or physical assistance to five patients to potentially prevent one actual fall. 

From an implementation standpoint, the final model’s Negative Predictive Value was extremely high (>99%) due to 

the rarity of falls. On the other hand, the Positive Predictive Value in the chosen operating range is more modest (on 

the order of 20%), but importantly, substantially higher than the ~1% pre-test probability of falls and higher than the 

precision of simpler screening tools. 

4.2 Threshold analysis for operational deployment 

We performed a post-hoc threshold analysis to quantify this trade-off evaluating model performances at various 

probability cut-offs to observe how sensitivity and precision change, as shown in Fig. 5. At the default threshold (0.50), 

weighted ensemble model achieves very high specificity (~99.96%) and precision ~81%, but sensitivity is only ~16%: 

Only a small fraction of fallers is being identified under this strict cut-off, though those flagged are highly likely to 

fall. This threshold might be too conservative for clinical use, as it would miss roughly 84% of true fall incidents. If 

we lower the threshold to capture ~55–60% of fallers, sensitivity improves to ~57–67%, with precision dropping to 

~16–21%. 

The appropriate threshold thus depends on the costs of false negatives vs. false positives. In inpatient falls, a false 

negative—failing to identify a patient who then falls—can lead to injury, extended hospitalization, and associated 
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costs. False positives—flagging someone who wouldn’t have fallen—may lead to precautionary interventions like 

closer monitoring, bed alarms, assistance with toileting, etc. These interventions are generally low-risk and low-cost 

relative to the consequences of a fall. Therefore, many hospitals choose a threshold that errs on the side of sensitivity, 

accepting more false-positive alerts to prevent more falls. In our context, moving from 16% sensitivity to ~67% 

sensitivity would require about a six-fold increase in interventions per actual fall prevented, with precision dropping 

from 81% to 16%. Whether this is acceptable depends on resource availability. In the remainder of this paper, threshold 

adjustments used in our capacity analyses were not applied, e.g. when computing SHAP explanations. 

Fig. 5 The Fig. at the top shows performance metrics at different prediction thresholds. Higher thresholds (right side) 

yield fewer alerts with high precision but miss more falls (low sensitivity). Lowering the threshold (left side) increases 

sensitivity (catching more true fall cases) at the expense of more false positives (lower precision). The chosen operating 

point should balance the cost of missed falls vs. the effort of unnecessary interventions. The Fig. at the bottom shows 

the Number Needed to Evaluate NNE = 1/PPV—that is the number of patients who need to be evaluated to find one 

true positive. 

4.3 Risk Profiles by Patient Cluster 

For the L3 model chosen, we examined the aggregated local feature importances using SHAP (Appendix D). 

Based the calculated values we did a SHAP-based K-means clustering as described in the Methods section. We 

identified nine distinct risk clusters among the patients the model flagged as high risk. The right panel of Fig. 3 shows 
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an inter-cluster distance map: cluster centroids were computed in SHAP space; for visualization only, centroids were 

embedded into a 2D space via MDS on the SHAP matrix. All inter-centroid distances reported refer to SHAP L2-

space. Clusters 2, 5, and 6 lie adjacent in SHAP-value space, indicating partially overlapping risk profiles driven by 

complex treatment courses; by contrast, Cluster 3 is well separated. Cluster sizes ranged from ~177 patients (Cluster 

3, ~6% of true positives) to ~685 patients (Cluster 1, ~23% of true positives). The clustering approach reveals various 

risk pathways: complex care needs (Clusters 5, 6), rehabilitation-focused care (Clusters 4, 9), and high-monitoring 

medical interventions (Clusters 7, 8), with Clusters 1 and 2 representing general care-dependent populations and 

Cluster 3 standing alone in its mental health focus. Table 3 summarizes the main characteristics of the clusters. For 

each cluster, interventions suggested by the World Fall Guidelines were added where appropriate. As Cluster 1 and 2 

represent general care-dependent populations, general risk-preventing measures were listed. For the rest, tailored 

measurements were added. Appendix E provides a more detailed cluster description. 

Table 3 Cluster descriptions, including mean principal diagnoses and procedures based on SHAP values. Relative 

cluster size is calculated as the number of patients assigned to the cluster divided by the number of all patients correctly 

classified as fallers (true positives). The final column suggests interventions targeted to the cluster’s risk profile based 
upon the World Falls Guidelines by Montero-Odasso et al. [6]. 

Cluster 
Size 

Age Sex 

(m) 

Salient features based on 

SHAP values 
Tailored Interventions based on World Fall 

Guidelines [6] 

C1: 

General 

Care 

685 
(.23) 

79.0 0.52 9-98 to 9-99: Supplementary 

measures and information (2.63) 
Falls in the last 12 months (1.61) 

I10 to I15: Hypertension (0.50) 
Z80 to Z99: Health risks based on 
family or self-history (0.36) 

Multidomain intervention based on general patient 

education and awareness (e.g., fear or concerns of falling, 
fall history etc. yoga, Pilates—p.23 / p.24 ) Consider 

individual patient preferences and values. Measures of 

physicality; Considerations on activities in daily life (ADL); 
consideration on environmental context (e.g., getting 

familiar with surroundings; adequate lightning; low bed); 

general health state of patient (hearing aid; walking 
impairment, Vitamin D supplements—p. 23 

etc.);Medication review (especially psychoactives, 

antihypertensives); Continence care (to avoid urgent unsafe 
toileting); Cognitive support and general mental state (e.g., 

depression, morbidity). 

C2: 

General 
Complex 

Care 

297 
(.10) 

61.2 0.54 Falls in the last 12 months (2.43) 

8-97 to 8-98: Complex care (2.15) 
8-80 to 8-85: Circulatory measures 

(0.59) 

3-20 to 3-26: Computed tomography 
CT (0.48) 

C3: 

Behavior

al 

abnorma

lity 

177 
(.06) 

64.2 0.31 9-60 to 9-64: Mental, psychosomatic 
and behavioral disorders (2.99) 

9-98 to 9-99: Other complementary 

measures (1.06) 

Z00 to Z13: Seeking health care for 

examination and clarification (0.55) 

I10 to I15: Hypertension (0.32) 

Nutritional assessment (adequate vitamin D intake; serum 
25 OH vitamin D levels), assessment of substance abuse 

and excessive alcohol intake—p. 18; Physical exercise (in 

community settings; Pilates, Yoga) p.23.; Behavioural 

therapy (for mild cognitive impairment/ dementia: group 

exercise. cognitive behavioural therapy and 

Occupational therapy)—p.12 

C4: 
Frail & 

Rehab-

Focused 

307 
(.10) 

87.3 0.46 

 

Falls in the last 12 months (2.18) 
8-55 to 8-60: Early rehabilitation and 

physical therapy (1.93) 

Walking and transfer impairments 
(1.84) 

I10 to I15: Hypertension (0.50) 

Balance and strength training (for stroke: balance, strength, 
walking) p.12; Multimodal patient education (e.g., face-to-

face, handout, video) p.24. Physical training (for balance to 

people with complex phase PD) p.13. Medication 
optimization (to maximize motor function and minimize 

side effects—dyskinesia and hypotension) p. 25. Nutrition 

& vitamin D and serum 25 OH supplementation (address 
malnutrition, bone health).—p.18; Backward Chaining: Re-

learning the skill to rise from the floor through practice of 

each of the specific movements required where the last step 
in the chain is taught first.—p.19; Fracture Management 
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incl. Osteoporosis treatment—p.18 

C5: 
Complex 
Treatme

nts 

(ICU/Ne

uro) 

293 
(.10) 

77.8 0.57 8-97 to 8-98: Complex treatment 
(2.21) 

Falls in the last 12 months (1.50) 

I10 to I15: Hypertension (0.54) 
Z80 to Z99: Health risks based on 

family or self-history (0.39) 

Considerations on activities in daily life (ADL);“cognitive 
stimulation, daily orientation, early mobilisation, vision and 

hearing, fluid management, constipation management, 

feeding assistance, sleep and family involvement.”—p.16; 
Physical Measures (progressive resistance strength training 

e.g., TaiChi); Medication optimization (avoid weak opioids, 

“as the adverse events risk may outweigh the benefit. For 
neuropathic pain, first line treatment includes serotonin 

norepinephrine reuptake inhibitors, gabapentinoids and 

Transdermallidocaineorcapsaicin”—p. 22); Modification of 
orthostatic blood pressure—p.21; Nutrition & vitamin D and 

serum 25 OH supplementation (address malnutrition, bone 

health)—p.18; involvement and training of informal 
(unpaid) and/or formal (paid) caregivers.—p.19 

 

C6: 
Complex 
Treatme

nts + 

Metaboli

c 

383 
(.13) 

81.8 0.64 8-97 to 8-98: Complex treatment 

(2.99) 
Walking and transfer impairments 

(1.52) 

I10 to I15: Hypertension (0.60) 
E70 to E90: Metabolic disorders 

(0.43) 

C7: 

Radiatio

n and 

Chemo-

therapy 

& 

Circulato

ry 

268 
(.09) 

64.9 0.50 8-80 to 8-85: Measures for blood 

circulation (1.40) 
8-52 to 8-54: Radiation therapy and 

chemotherapy (0.85) 

6-00 to 6-00: Application of 
medications (0.72) 

Z00 to Z13: Seeking health care for 

examination and clarification (0.71) 

Medication optimization (avoid weak opioids, “as the 
adverse events risk may outweigh the benefit. For 
neuropathic pain, first line treatment includes serotonin 

norepinephrine reuptake inhibitors, gabapentinoids and 

Transdermallidocaineorcapsaicin”—p. 22); Pain 
Management (defining cause, type (nociceptive, 

neuropathic) and intensity with pain rating scale for elderly 

patients)—p.17. Non-pharmacological approaches 
(physiotherapy and cognitive behavioural therapy)—p.22 

C8: 

Patient 
Monitori

ng 

(Cardiac/

Neuro) 

312 
(.10) 

84.5 0.60 Falls in the last 12 months (1.93) 

8-92 to 8-93: Patient monitoring 

(0.70) 
I10 to I15: Hypertension (0.43) 

Z80 to Z99: Health risks based on 

family or self-history (0.31) 

Balance and strength training (for stroke: balance, strength, 

walking) p.12; Multimodal patient education (e.g., face-to-

face, handout, video) p.24.; Hypotension (management of 
orthostatic hypotension incl. modification of possible culprit 

medications, rehydration, compression garments and 

medications (e.g., fludrocortisone and midodrine)—p.12; 
p.21; ADL (general physical activity; promotion healthy 

lifestyle)—p.19; Medication Review “for bradycardic 

disorders (sinus node disease, atrioventricular conduction 
disorders, vasovagal syndrome and carotid sinus syndrome) 

and tachyarrhythmias (atrial fibrillation, supraventricular 

and ventricular tachycardia) include modification of culprit 
medications, specific anti-arrhythmic medication and, in 

some cases, implantable devices (such as pacemakers and 
implantable cardioverter-defibrillators); Syncope 

Management (as per local syncope guidelines)."—p.21 

C9: 
Rehab + 

Speech/

Hearing 

294 
(.10) 

74.7 0.64 8-55 to 8-60: Early rehabilitation and 

physical therapy (1.70) 
Walking and transfer impairments 

(1.39) 
9-31 to 9-32: Phoniatric and pediatric 
audiology therapy (0.88) 
8-97 to 8-98: Complex care (0.61) 

Positioning “Particle repositioning (Epley) manoeuvres are 

an effective treatment for benign paroxysmal position and 
vertigo and may reduce falls rates, but evidence is limited. 

Vestibular rehabilitation therapy improves postural and 

gait stability in cases of vestibular dysfunction although the 
optimal approach is still unclear as is the effect on falls 
rates"—p.22 
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With regard to the cluster assignment of new patient, as described in section 3.5, our empirical analysis suggests setting 

the Primary Distance Threshold τ1 to the 90th percentile of the intra-cluster distances from our training data, and the 

predefined ratio threshold τ2 to 1.5 (see Appendix C). These parameters were were set based on the empirical distance 

distribution in the cluster-discovery (held-out test) cohort and achieved successful cluster assignment for 93% of 

patients in the held-out test set. For unassigned patients that do not meet the assignment criteria, the top three candidate 

clusters can be displayed by the system and considered based on clinical judgment. 

4.4 Outcome Separation Benchmarking of Clustering Approaches 

Across clustering methods, SHAP-space K-means showed the largest separation in observed fall incidence across 

clusters, according to our prespecified summary statistics—incidence range (max–min), incidence ratio (max/min), 

and IQR across clusters. Specifically, incidence varied widely across its risk profiles (range 0.424, ratio 5.12, IQR 

0.155), indicating both substantially higher- and lower-risk subgroups within the alerted population. In contrast, 

feature-space baselines—raw K-means/GMM/PCA-K-means/Ward/Spectral—yielded markedly narrower risk 

gradients (range 0.089–0.207, IQR 0.016–0.050), indicating more weakly differentiated outcome strata. Moreover, 

SHAP-space clusters showed the best alignment between clusters’ mean predicted risk and observed incidence 

(Spearman 0.943, cluster-level calibration MAE 0.014), whereas alignment was substantially weaker for most feature-

space baselines (Spearman 0.257–0.714, MAE 0.019–0.023). Taken together, these findings demonstrate that 

clustering in explanation space not only yields interpretable risk profiles but also produces more outcome-relevant 

stratification among patients who would be classified as high risk. 

Table 4 Outcome separation benchmarking of clustering approaches in a high-risk evaluation cohort (p≥0.08). 

Method keffective 

Observed 
incidence range 
across clusters 

(max–min) 

Observed 
incidence 

ratio 
(max/min) 

IQR of 
observed 
incidence 

Spearman 
Correlation  

(risk̄_cluster, 
obs_rate_cluster) 

Cluster 
calibration 

MAE 

SHAP-
space 
K-means 

6 0.4239 5.1183 0.1550 0.9429 0.0141 

Raw 
K-means 

8 0.2050 2.5983 0.0175 0.3810 0.0231 

Raw GMM 8 0.2069 2.6179 0.0163 0.3333 0.0233 

PCA(95%)
K-means 

6 0.2045 2.6170 0.0263 0.2571 0.0229 

Raw Ward 6 0.0888 1.9060 0.0496 0.7143 0.0188 

Raw 
Spectral 

8 0.1462 2.6187 0.0364 0.3095 0.0230 

Risk-score 
bins 

2* 0.6705 6.2659 0.3353 NA* 0.0182 
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Note: Metrics summarize the distribution of observed fall incidence across clusters for each method. Clusters 

contributing <1% of the evaluation cohort were collapsed for reporting; thus keffective may be < 9. Full cluster-level 

outcomes are provided in Appendix Table F1. Lower is better for calibration MAE; higher is better for Spearman 

correlation between cluster mean predicted risk and cluster observed fall incidence. 
*Collapsed to 2 bins due to tied/low-variance predicted probabilities; to be treated as a stratification comparator rather 

than a risk-profile discovery method 

 

5 Discussion and Further Research 

Using a large-scale EHR from 2016–2022 with 932,102 patients, our weighted ensemble model achieved AUROC 

≈0.95 and AUPRC ≈0.36 on a held-out test set, substantially outperforming a guideline-features-only model (AUROC 

≈0.82; AUPRC ≈0.05). Outcome-guided clustering of SHAP values on the test set yielded nine interpretable risk 

profiles. Benchmarking against feature-space and score-based comparators showed that SHAP-space clustering yields 

the largest between-cluster differences in observed fall incidence among alerted patients, while also maintaining strong 

alignment between cluster-level predicted risk and observed outcomes. A simple SHAP-space distance-mapping 

assigned 93% of test patients confidently to one of these clusters. Threshold analysis indicated feasible operating 

points. e.g., threshold ~0.08 and a sensitivity of ~0.55, PPV ~0.20, NPV >99%) that would allow units to tune alerts 

to resources. Together, the pipeline supports guideline-concordant, multifactorial, and subgroup-tailored prevention in 

routine care. 

Our stacked ensemble model achieved is competitive with or exceeds prior falls prediction models in the literature. 

For instance, one study by Hsu et al. used an XGBoost classifier on electronic health record (EHR) data to predict falls 

during hospital admission and found an Area Under the Curve (AUC) of 0.700 (95% CI: 0.614, 0.777) in a cohort of 

639 adult patients (297 fall patients and 342 controls) [7]. Mishra et al. developed a ML model using gait and geriatric 

assessment data from 92 geriatric patients to predict 6-month fall risk and achieved an AUC of 0.80 (95% CI: 0.76, 

0.85) [13]. Ye et al. used statewide health records from Maine (n = 265,225) to develop an XGBoost model predicting 

one-year fall risk, achieving a C-statistic (equivalent to the ROC-AUC) of 0.851 in the training set and 0.803 in the 

validation set [8]. Thapa et al. [36] achieved AUROC ~0.84 in long-term care settings. Complementing these “fall 

occurrence” models, Wang et al. developed an integrative multi-view ensemble model to predict injurious/severe 

inpatient falls among fall incidents, achieving AUC 0.808 (95% CI: 0.740–0.876) on a prospective test set, and AUC 

0.86 in a high-risk subset—illustrating how machine learning can augment bedside screening by prioritizing patients 

most likely to experience harmful outcomes [9]. 
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Fall prevention has a low tolerance for false negatives, i.e. missed fall-risk patients, which is why existing tools cast a 

wide net. Our threshold analysis explicitly allows tuning this balance. For example, if a unit is overwhelmed with 

alerts, they can raise the threshold modestly. Furthermore, by examining trade-offs, we inform discussions with 

hospital leadership. This kind of data-driven planning is not possible with legacy checklist scores (e.g., Morse, 

STRATIFY, Hendrich II) that typically yield point totals/categories rather than calibrated probabilities and do not 

support unit-specific probability cut-offs [4,29–31]. As a result, units cannot explicitly tune alert thresholds to local 

capacity, e.g., how many alerts must be evaluated to prevent one fall. Probabilistic ML models can provide such risk 

estimates, but to be actionable they must also expose why an alert fired and what factors to target. Accordingly, 

explainable ML methods such as SHAP can help translate model outputs into clinician-interpretable drivers of risk. 

The black-box nature of ML models often complicates their interpretation in clinical settings. Therefore, the role of 

XAI methods, such as SHAP, is critical to build trust among medical professionals [48]. Detailed exploration of 

different patient risk profiles provides invaluable insights for individualized and subgroup-specific interventions [7, 

13]. The emphasis on personalized fall risk assessment is consistent with several scientific findings [49−51] and the 

World Falls Guidelines assertion of the efficacy of tailored interventions [6]. Instead of a black-box risk score, the 

SHAP value approach allows for listing patient-specific factors. We found that some factors are consistently important, 

such as age and fall history, while others vary widely between individuals, e.g., mental health with younger female 

patients affected. This highlights the need for subgroup-specific strategies. Additionally, the model trained using only 

guideline factors performed poorly. Although the SHAP plot showed that well-known fall risk factors were among the 

most important, one may conclude that many factors should be considered when evaluating heterogeneous risk profiles, 

such as those associated with fall events. 

A major impetus for this work was to operationalize the recommendations of the World Falls Guidelines in a hospital 

setting. Montero-Odasso et al. [6] call for multifactorial falls risk assessments and personalized interventions for those 

at high risk. In current practice, when a patient is labeled high-risk, generic precautions are applied, but personalized 

assessments are often not done due to time constraints. In intended use, the proposed model is a decision-support 

component that (i) flags elevated fall risk and (ii) assigns patients to an interpretable risk profile to guide selection of 

guideline-consistent prevention measures. Thus, a first-pass multifactorial assessment can prospectively be performed 

automatically: dozens of factors are being analyzed, and it is indicated which ones are driving a patient’s risk via SHAP 
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analysis. Then, by categorizing the patient’s risk profile via clustering, clinicians can match the patient to an 

“intervention template” aligned with guideline-recommended domains.  

5.1 Limitations and Future Work 

Our study was retrospective and conducted at a single large hospital with several campuses and departments; fall 

reporting and documentation practices differ elsewhere, potentially affecting model performance. We did not cover all 

data that can influence falls, such as medication administration records—integrating pharmacy data and real-time vitals 

could further improve the model. Regarding cluster creation using SHAP values, it is important to note that SHAP 

only explains how a trained model arrives at its predictions. This means that SHAP is only as good as the underlying 

model, which was tried to be optimized for the case at hand in this study. Second, our risk profiles are derived via 

clustering in SHAP space on a held-out cohort after training the prediction model. In a real-world deployment, the 

prediction model can provide risk scores (and patient-level SHAP explanations) immediately, but risk profile labels 

require an initial “burn-in” period or a separate profile-discovery cohort with sufficient alerted patients and outcome 

variation to learn stable clusters. Once learned, risk profiles can be frozen for prospective nearest-centroid assignment 

and periodically refreshed as case mix or documentation practices change. 

Moreover, the physical performance measures, such as the patient's walking and transfer abilities, were not available 

in all cases since they are not routinely included in the EHR for general inpatients. Future prospective studies might 

integrate a quick mobility assessment to see if the model improves. Another limitation is that we evaluated 

interventions theoretically via clusters but did not implement a cluster-driven intervention program and measure fall 

reduction. That is an important next step: taking this model into a prospective trial where units apply tailored 

interventions guided by our system, versus units using usual care, to see if fall rates decrease or resources are saved. 

6 Conclusion 

We have demonstrated a methodology to not only predict which patients are at high risk of falls, but to also elucidate 

why and to guide what to do about it. This represents a step toward both precision and prevention in healthcare, using 

machine learning to inform individualized care plans. The approach aligns with contemporary falls prevention 

guidelines that call for moving beyond broad risk categories to nuanced, patient-specific strategies. By integrating our 

model into clinical workflow, hospitals can potentially improve patient safety by reducing falls, allocating preventive 

resources more efficiently, and involving patients in understanding their own risk and prevention plan. The insights 
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about the importance of nursing care data also encourage health systems to leverage the rich information nurses collect 

as part of advanced clinical decision support. Overall, our study supports the premise that data-driven, explainable 

models can enhance patient-centered care in complex domains like fall prevention, fulfilling the promise of healthcare 

analytics to improve outcomes in a way that is transparent and trustable for hospital staff. 
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Appendix 

Appendix A: Odds Ratios and Associated Metrics for Fall Risk Assessment Categories 

at the University Hospital 

We evaluated the university hospital's fall risk assessment, which categorizes patients as "0" (no increased risk of 

falling), "+", or "++". Using logistic regression with a 90%/10% train-test split, the regression coefficients and model 

statistics are shown in Table A1. Table A2 displays odds ratios, 95% confidence intervals, LLR p-value, and pseudo 

R-squared. Patients with a "+" score are over four times (OR 4.17) and "++" score over six times (OR 6.31) more likely 

to fall than those scored "0". 

Table A1. Results of logistic regression with fall incidents as DV and the university hospital's fall risk assessment as 

IV 

No. Observations:                                              511.551  
LLR p-value:                                                          0.000 

Pseudo R-squ.:                              0.07142 
Log-Likelihood:                             -31983. 

 coef std err z P >|z| [0.025 0.975] 

const -3.8824 0.103 -37.654 0.000 -4.085 -3.680 

0 -1.4846 0.106 -13.978 0.000 -1.693 -1.276 

+ 0.2461 0.104 2.361 0.018 0.042 0.451 

++ 1.2958 0.113 11.449 0.000 1.074 1.518 

Table A2. Odds Ratios and Associated Metrics for Fall Risk Assessment Categories at the University Hospital 

Feature OR p-value 2.5% 97.5% 
LLR p-

value 

Pseudo R-

squared 

0 (no increased risk of falling) 0.17 0.0 0.160 0.178 0.000 0.065 

+ (increased risk of falling) 4.17 0.0 3.971 4.384 0.000 0.045 

++ (significantly increased risk of 
falling) 

6.31 0.0 5.766 6.905 0.000 
0.014 

 

 
Table A3 provides an overview when oversampling for the training sets, so there are no longer any imbalances and 

then computing a logistic regression. 

Table A3. Results of logistic regression as modeled in Table B1 except for oversampling 

 Precision Recall F1-Score Support 

0.0 0.99 0.66 0.79 56133 

1.0 0.03 0.73 0.05 707 

Accuracy   0.66 56840 

Macro avg 0.51 0.69 0.42 56840 

Weighted avg 0.98 0.66 0.78 56840 

F1 Score: 0.05; AUC: 0.69% 
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Appendix B: Most Common Diagnoses & Procedures 

The most common procedures for fallen and non-fallen patients are shown in Table B1, and the most 

common diagnoses are shown in Table B2. 

Table B1 Most common procedures for fallen and non-fallen patients 

Fallen Patients Non-fallen Patients 

Procedure group Quan. (%) Procedure group Quan. (%) 

Computer Tomography CT 17,326 (16.33) Computer Tomography CT 607,914 (15.07) 

Circulatory Measures 13,227 (12.47) Circulatory Measures 413,399 (10.25) 

Radiotherapy, nuclear medical 
therapy, and chemotherapy 

6,260 (5.90) Radiotherapy, nuclear 
medical therapy, and 
chemotherapy 

260,039 (6.45) 

Patient monitoring 5,610 (5.29) Examination of individual 
body systems 

222,475 (5.51) 

Treatment for mental and 
psychosomatic, and 
behavioral disorders in adults 

5,170 (4.87) Surgeries on the locomotor 
organs 

188,950 (4.68) 

 
Table B2 Most common diagnoses for fallen and non-fallen patients 

Fallen Patients Non-fallen Patients 

Diagnosis group Quan. (%) Diagnosis group Quan. (%) 

Forms of heart disease 5,339 (5.35) Potential health risks based 
on family/personal history 

413,035 (5.36) 

Metabolic disorders 5295 (5.31) Forms of heart disease 338,275 (4.39) 

Potential health risks based 
on family/personal history 

4,197 (4.21) Metabolic disorders 321,760 (4.17) 

Hypertension 3,184 (3.19) Hypertension 258,783 (3.36) 

Diseases of the muscles 2,812 (2.82) Persons using the health 
care system for the purpose 
of specific measures and 
medical care 

171,177 (2.22) 
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Appendix C: SHAP-based risk profiles by nearest-centroid assignment 

(I) Distance Mapping. For a new patient p, we define their SHAP value vector Sp as: 

Sp = (s1, s2, ..., sn), 

where si represents the SHAP value for feature i, and n is the total number of features used in the fall risk prediction 

model; thus each si represents how much that particular feature contributes to the model's prediction for that patient. 

Each cluster Ck (k ∈ {1,...,m}) with m being the total number of identified clusters is represented by its centroid vector: 

μk = (μk1, μk2, ..., μkn), 

where μki is the mean SHAP value for feature i in cluster k. The distance d(p,k) between a patient p and a cluster 

centroid μk is calculated using a Euclidean distance: 

d(Sp, μk) = ∥Sp −μk∥2 = √(Σ (si— μki)²). 

(II) Assignment Criteria. We define two metrics for cluster assignment that stabilize decisions under local 

explanation noise and scale differences compared with plain L2 distance: 

1. Primary Distance Threshold (τ1): A patient p is considered assigned to cluster k if: d(p,k) ≤ τ1, where τ1 is a 

threshold to be determined as the nth (e.g., 90th) percentile of intra-cluster distances from the cluster-discovery 

set. 

2. Relative Distance Ratio (R): R(p,k) = d(p,k) / (minj∈{1, ..., m} \ {k}d(p,j)). A patient is uniquely assignable to 

cluster k if: R(p,k) ≤ τ2, where τ2 is a predefined ratio threshold. This measures how close the patient p is to 

cluster k relative to other clusters. The condition R(p,k) ≤ τ2 should ensure that the assignment is sufficiently 

unique. 

The final assignment function A(p) is defined as: 

A(p) = arg mink d(p,k) s.t. d(p,k) ≤ τ1 ∧ R(p,k) ≤ τ2, else “unassigned”.  
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Appendix D: Global Risk Factors and SHAP Explanations 

For the L3 model chosen, we examined the aggregated local feature importances using SHAP. Fig. D1 is a SHAP 

summary plot for the top features contributing to fall risk. Each point in Fig. D1 represents a patient; points are plotted 

horizontally by SHAP value, i.e., the impact on model output, and are colored by the feature value (e.g., for age: red = 

older, blue = younger). Fall history (number of falls in the 12 months before admission) emerged as the single most 

influential predictor. Some nursing features and procedural codes were particularly notable. E.g., early rehabilitative 

and physical therapy procedures (OPS 8-55) showed that patients in rehabilitation therapy often had higher fall risk. 

This likely reflects confounding by procedure—these patients are in rehabilitation because of mobility impairments, 

which also put them at risk of falling. 

High-risk medications and comorbidities also appeared. For instance, the model included features for psychotropic 

medication use, captured indirectly via procedure code “application of medications” (OPS 6-00) and diagnoses like 

depression or dementia. Male sex had a small positive SHAP on average, consistent with the slight male excess in 

fallers, though sex was far less important than age or medical factors. Hypertension (ICD I10-I15) and metabolic 

disorders (ICD E70-E90) had nuanced effects—they were common in both fallers and non-fallers, so on average they 

weren’t among the very top predictors, but in combination with other factors they sometimes elevated risk, for example, 

a patient with hypertension plus balance issues might be at risk due to orthostatic hypotension from antihypertensive 

medication. Overall, the SHAP summary indicates that our model’s predictions are driven by a mix of direct fall risk 

indicators, such as prior falls, age, mobility impairments, and indirect proxies of vulnerability, such as complex 

treatment courses and need for monitoring. 
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Fig. D1 SHAP summary plot of top 20 features for fall risk prediction. The features are ranked by mean absolute 

SHAP value, i.e. the largest average magnitude of contribution to the model output, regardless of direction. Points to 

the right indicate that the feature increases fall risk, to the left decreases risk. Color indicates the feature value, i.e., 

red for high, blue for low. For continuous features like age, red means older age. For categorical features 

(procedures, diagnoses), red indicates presence of that code, blue indicates absence.  
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Appendix E: Detailed Cluster Description 

Cluster 1: “Miscellaneous High Care Needs”—Cluster 1 was the largest cluster (23% of cases) and appears to 

represent a general high-dependency group without a single defining specialty. This cluster seems to be patients who 

are generally of high acuity or dependency (perhaps needing help with basic care) but not fitting one of the more 

specific profiles. 

Cluster 2: “Complex Care—Younger, Multi-system”—Cluster 2 patients required high levels of care despite being 

relatively younger with a mean of 61.2 years, a younger cluster. They had frequent recent falls, complex care needs, 

and often had circulatory system procedures, and frequent CT imaging. This paints a picture of patients with serious 

illnesses, such as trauma or severe chronic diseases that necessitate intensive interventions.  

Cluster 3: “Behavioral Abnormality”—This was a relatively small cluster of patients with mental health and 

psychosomatic disorders as dominant features. They tended to be younger (average ~64 years) and more often female 

(only 31% male). These patients often had psychiatric conditions or delirium contributing to falls. 

Cluster 4: “Frail & Rehabilitation-Focused”—Patients in Cluster 4 were generally very elderly and frail. This 

cluster had the highest average age (87.3 years). Key features included a history of multiple falls (high SHAP for “falls 

in last 12 months”), early rehabilitation and physical therapy orders, and mobility impairments (difficulty 

walking/transferring). In essence, Cluster 4 represents geriatric patients with severe mobility limitation and general 

frailty. 

Cluster 5: “Complex Treatments”—Cluster 5 patients were those undergoing highly complex medical/surgical 

treatments, often in intensive or step-down care. Their average age was ~77.8 years, and 57% were male. They 

frequently had multiple recent procedures; the standout feature was OPS 8-97/8-98 “complex treatment,” which is ICU 

care or complex surgery. They also had elevated fall risk from a recent fall history and were often hypertensive. 

Cluster 6: “Complex Treatments with Metabolic Component”—Patients in Cluster 6 were similar to Cluster 5 but 

with an added profile of metabolic disorders, particularly diabetes. Average age was ~81.8 (slightly older than Cluster 

5), 64% male. They had the highest frequency of “complex treatment” codes of any cluster, indicating many were 

receiving invasive procedures or intensive therapies. They also often had gait or transfer impairments noted and 

hypertension, but a distinguishing factor was the presence of metabolic disease codes in their top features. Many of 

these patients were diabetics with complications, or other metabolic issues like electrolyte imbalances or obesity. 
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Cluster 7: “Oncology & Circulatory Interventions”—Cluster 7 consisted of patients with active cancer treatments 

and other major medical interventions. Average age 64.9, 50% male. The salient features include measures for blood 

circulation (OPS 8-80 to 8-85) and radiation/chemotherapy procedures (OPS 8-52 to 8-54). This indicates many were 

oncology patients receiving chemo or radiotherapy, often with concurrent cardiovascular procedures. They also 

frequently had “application of medications” codes (6-00). These patients likely fall because of treatment side effects: 

chemotherapy can cause neuropathy, fatigue, anemia; radiation can cause weakness; extensive diagnostic tests mean 

they are in unfamiliar environments often. 

——Cluster 8: “Frequent Monitoring”—Cluster 8 included patients around 84.5 years old on average. They were 

characterized by continuous patient monitoring, meaning they likely were on telemetry or similar, and had high 

frequency of falls in last year, plus hypertension and a history of different health risk factors. So cluster 8 seems to be 

older patients under a lot of medical monitoring, maybe for cardiac or neurological issues. 

—Cluster 9: “Rehabilitation with Specialized Therapy (Phoniatric)”—Cluster 9 patients share features with 

Cluster 4 (early rehab, walking/transfer impairments) but also have phoniatric and audiology therapy in their profile. 

This suggests patients who are in rehabilitation settings and also receiving speech or hearing therapy—possibly stroke 

patients or others with neurological deficits affecting speech/swallow. They also have complex care needs.  
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Appendix F: Cluster-level Descriptions 

For each clustering method and each resulting cluster, we report cluster size (n), number of falls, observed fall 

incidence with 95% Wilson confidence interval, and mean predicted fall risk. Clusters are identified by the method-

specific cluster label (C0, C1, …). If a minimum cluster-size rule is applied (e.g., <1%), this is reflected in keffective as 

reported in Table 4. 

Table F1 Cluster-level outcomes in the high-risk evaluation cohort (alert threshold p≥0.08)  

Method 
Clu
ster 

n 
(patie
nts) 

% of 
cohor

t n (Falls) 
Observed 
incidence 

95% Wilson 
CI 

Mean 
predicted 

risk 

SD 
predicted 

risk 

SHAP_KMeans 0 1604 17.55 212 0.13 [0.12, 0.15] 0.15 0.11 

SHAP_KMeans 2 272 2.98 28 0.10 [0.07, 0.14] 0.15 0.09 

SHAP_KMeans 5 93 1.02 49 0.53 [0.43, 0.63] 0.44 0.28 

SHAP_KMeans 6 143 1.56 43 0.30 [0.23, 0.38] 0.27 0.11 

SHAP_KMeans 7 340 3.72 91 0.27 [0.22, 0.32] 0.30 0.24 

SHAP_KMeans 8 6583 72.03 1010 0.15 [0.14, 0.16] 0.16 0.13 

RAW_KMeans 0 1892 20.70 302 0.16 [0.14, 0.18] 0.15 0.13 

RAW_KMeans 1 525 5.74 84 0.16 [0.13, 0.19] 0.16 0.10 

RAW_KMeans 2 1221 13.36 192 0.16 [0.14, 0.18] 0.15 0.09 

RAW_KMeans 3 2089 22.86 268 0.13 [0.11, 0.14] 0.17 0.15 

RAW_KMeans 4 2263 24.76 305 0.13 [0.12, 0.15] 0.16 0.09 

RAW_KMeans 6 672 7.35 224 0.33 [0.30, 0.37] 0.29 0.26 

RAW_KMeans 7 133 1.46 20 0.15 [0.10, 0.22] 0.15 0.09 

RAW_KMeans 8 307 3.36 54 0.18 [0.14, 0.22] 0.22 0.09 

RAW_GMM 0 1896 20.75 300 0.16 [0.14, 0.18] 0.15 0.12 

RAW_GMM 1 518 5.67 82 0.16 [0.13, 0.19] 0.16 0.10 

RAW_GMM 2 1218 13.33 190 0.16 [0.14, 0.18] 0.15 0.09 

RAW_GMM 3 2088 22.85 267 0.13 [0.11, 0.14] 0.17 0.15 

RAW_GMM 4 2243 24.54 302 0.13 [0.12, 0.15] 0.16 0.09 

RAW_GMM 6 699 7.65 234 0.33 [0.30, 0.37] 0.29 0.26 

RAW_GMM 7 133 1.46 20 0.15 [0.10, 0.22] 0.15 0.09 

RAW_GMM 8 307 3.36 54 0.18 [0.14, 0.22] 0.22 0.09 

PCA_KMeans 0 767 8.39 128 0.17 [0.14, 0.19] 0.17 0.10 

PCA_KMeans 2 1570 17.18 239 0.15 [0.14, 0.17] 0.16 0.09 

PCA_KMeans 3 2143 23.45 271 0.13 [0.11, 0.14] 0.17 0.15 

PCA_KMeans 4 1727 18.90 278 0.16 [0.14, 0.18] 0.15 0.13 

PCA_KMeans 7 2145 23.47 289 0.13 [0.12, 0.15] 0.16 0.09 

PCA_KMeans 8 695 7.60 230 0.33 [0.30, 0.37] 0.28 0.26 

RAW_Ward 0 2055 22.49 384 0.19 [0.17, 0.20] 0.22 0.21 

RAW_Ward 1 2348 25.69 362 0.15 [0.14, 0.17] 0.16 0.09 

RAW_Ward 2 149 1.63 18 0.12 [0.08, 0.18] 0.15 0.09 

RAW_Ward 4 1744 19.08 316 0.18 [0.16, 0.20] 0.16 0.15 

RAW_Ward 5 2446 26.76 335 0.14 [0.12, 0.15] 0.15 0.09 

RAW_Ward 7 357 3.91 35 0.10 [0.07, 0.13] 0.15 0.11 

RAW_Spectral 0 149 1.63 22 0.15 [0.10, 0.21] 0.17 0.13 

RAW_Spectral 1 1949 21.33 461 0.24 [0.22, 0.26] 0.21 0.21 

RAW_Spectral 3 106 1.16 15 0.14 [0.09, 0.22] 0.16 0.09 
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RAW_Spectral 4 438 4.79 82 0.19 [0.15, 0.23] 0.17 0.13 

RAW_Spectral 5 154 1.69 17 0.11 [0.07, 0.17] 0.18 0.15 

RAW_Spectral 6 4707 51.50 687 0.15 [0.14, 0.16] 0.16 0.10 

RAW_Spectral 7 1085 11.87 98 0.09 [0.07, 0.11] 0.16 0.12 

RAW_Spectral 8 513 5.61 64 0.12 [0.10, 0.16] 0.17 0.13 

RiskBin 0 8725 95.47 1111 0.13 [0.12, 0.13] 0.14 0.07 

RiskBin 3 94 1.03 75 0.80 [0.71, 0.87] 0.68 0.02 

Notes: Clusters <1% were collapsed for reporting (excluded from the method-level separation metrics), so the effective 

number of clusters (keffective) may be <9. Observed incidence is computed on the held-out evaluation cohort (alerts at 

p≥0.08), and Wilson CIs are reported for binomial proportions. Mean predicted risk is the model’s mean predicted 
probability within each cluster. 
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Fig. F1 visualizes the same cluster-level outcomes (observed incidence with 95% Wilson CI and mean predicted risk), 

highlighting the stronger outcome gradient for SHAP-space clustering.  

 

Fig. F1 Cluster-level observed fall incidence (dots, 95% Wilson CI) and mean predicted risk (diamonds) in the high-

risk cohort (p≥0.08). 


