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Abstract

Purpose: Accurate assessment of nursing workload is essential for staffing allocation and
operational management in emergency infusion rooms. However, workload generation
is influenced by complex and potentially nonlinear interactions among patient volume,
treatment duration, and care activities, which may not be adequately captured by conven-
tional statistical approaches. This study aimed to identify key predictors associated with
nursing workload intensity and develop an interpretable workload stratification frame-
work using a Classification and Regression Tree (CRT) model. Methods: Daily operational
data were collected from an emergency infusion room between July 2023 and August 2025.
Daily chair utilization rate was used as a proxy indicator of workload intensity. Candidate
predictors included total infusion duration, direct care encounters, number of patients
receiving infusions, medication dispensing time, severe dependency, fall-risk patients, and
triage-level patient volume. A CRT model was developed to identify hierarchical predictor
relationships and threshold-based workload classification rules. Model robustness was
evaluated using 10-fold cross-validation, comparative analyses with multiple linear re-
gression, random forest, and gradient boosting models, and sensitivity analyses excluding
total infusion duration. Results: The analysis included 761 valid observation days. Total
infusion duration emerged as the most influential predictor, followed by direct care encoun-
ters and the number of patients receiving infusions. The CRT model identified clinically
interpretable workload thresholds and generated a parsimonious decision structure for
workload stratification. Re-substitution and cross-validation risk estimates were 0.045
(SE = 0.005) and 0.046 (SE = 0.005), respectively, indicating stable model performance.
Although random forest and gradient boosting achieved higher predictive accuracy, the
CRT model provided greater interpretability through transparent decision rules. Sensitivity
analyses demonstrated that the overall workload stratification pattern remained largely
unchanged after excluding total infusion duration. Conclusions: The CRT model identi-
fied total infusion duration, direct care encounters, and patient volume as key predictors
associated with workload intensity in emergency infusion rooms. Although alternative
models achieved higher predictive performance, the CRT approach provided interpretable
workload stratification rules that may support staffing allocation and operational decision-
making. The findings offer a practical data-driven framework for workload assessment in
infusion care settings.
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1. Introduction
Nursing workload comprises the time, physical effort, and cognitive demand required

for nursing activities, including technical complexity and associated risks [1]. Nursing
workload is a multidimensional construct encompassing direct patient care, indirect nursing
activities, documentation responsibilities, and organizational tasks, all of which contribute
to overall nursing demand and resource utilization [2–4]. The infusion room is a critical
outpatient service unit, which presents unique challenges due to its distinct workflow
compared with inpatient wards, limiting the applicability of conventional ward-based
workload evaluations.

Existing nursing workload evaluation approaches, including task-based measurement
systems and technology-assisted monitoring tools, may still inadequately capture the
complexity and dynamic variability of clinical nursing demands [5]. Recent studies have
increasingly emphasized the integration of nursing time, care complexity, and technology-
assisted workload assessment to improve the accuracy and responsiveness of workload
evaluation systems [1,6]. However, these approaches lack adaptability to dynamic clinical
environments, such as infusion rooms. The emergency infusion room is a high-intensity
clinical setting where nursing workload is influenced by a complex interplay of factors
including patient criticality, infusion type, patient turnover rate, and indirect nursing
activities. Accurate, real-time assessment of this workload is crucial for effectively allocating
nursing staff, reducing occupational burnout, and maintaining nursing quality.

Although nursing workload is a multidimensional construct, direct measurement of
overall workload remains challenging in dynamic infusion settings. Therefore, daily chair
utilization rate was adopted as a proxy indicator of workload intensity in the present study.
Chair utilization rate is widely used as an operational metric for evaluating infusion center
capacity and productivity because it reflects the proportion of occupied chair time relative
to available chair capacity. Previous studies [7,8] have shown that chair utilization is closely
associated with patient flow, treatment duration, staffing demand, and workflow efficiency
in infusion services. Accordingly, although chair utilization does not directly measure
nursing workload, it provides a practical and routinely available indicator of workload
intensity and operational demand in emergency infusion rooms.

Previous studies [9,10] examining nursing workload have primarily relied on conven-
tional statistical approaches, such as correlation analysis and linear regression. However,
workload generation is often influenced by nonlinear relationships, complex interactions
among operational factors, and hierarchical decision patterns that may not be adequately
represented by traditional linear models. Recent studies [11–13] have suggested that
machine-learning approaches may better capture the multidimensional and dynamic char-
acteristics of healthcare workload and operational demand, particularly in complex clinical
environments characterized by heterogeneous patient populations and fluctuating service
requirements. Decision tree algorithms offer a promising alternative due to their ability to
model nonlinear relationships, process multidimensional data, and generate intuitive clas-
sification rules directly applicable to clinical settings [14]. Recent studies have increasingly
explored machine learning approaches for healthcare workload prediction and emergency
resource optimization. For example, Song et al. applied machine learning models to predict
nursing workload in digestive wards and demonstrated improved workload estimation
performance [15]. Similarly, El Ariss et al. developed a machine-learning-based framework
for emergency department resource allocation, highlighting the value of predictive ana-
lytics for staffing optimization [16]. Recent advances in explainable artificial intelligence
have further emphasized the importance of interpretable prediction models in emergency
care environments [17,18]. Interpretable machine-learning approaches allow clinicians and
managers to understand the rationale underlying model predictions, thereby facilitating
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trust, accountability, and practical implementation. In nursing management and healthcare
operations, explainable models are particularly important because workforce allocation
decisions often require clear justification and stakeholder acceptance [19–21]. However,
despite these developments, evidence regarding interpretable machine learning approaches
specifically tailored to emergency infusion room nursing workload evaluation remains
limited. The predictive accuracy and hierarchical importance of key infusion-specific
factors—such as infusion duration, patient dependency level, and triage level—remain
to be explored. Decision trees have high efficiency in extracting key predictors and gen-
erating interpretable classification rules, and thus they are widely used in many fields,
ranging from business modeling to medical diagnostics [22]. Their stratified structure
prioritizes variables by predictive importance [23], providing a transparent framework for
workload analysis.

Despite increasing interest in nursing workload management, limited evidence has
explored the application of interpretable machine-learning approaches to workload as-
sessment in emergency infusion rooms. Furthermore, few studies have established op-
erationally applicable models capable of identifying key predictors and threshold-based
workload patterns in this setting. Therefore, this study aimed to develop and validate a
classification and regression tree (CRT) model to identify key predictors associated with
nursing workload intensity, represented by daily chair utilization rate, in an emergency in-
fusion room. In addition, we sought to establish interpretable workload stratification rules
that may support staffing allocation and operational decision-making in clinical practice.

2. Literature Review
2.1. Nursing Workload in Emergency Settings

Nursing workload is a multidimensional construct involving direct patient care, indi-
rect nursing activities, documentation, communication, technical procedures, and organi-
zational tasks. Existing studies have developed and validated several nursing workload
measurement tools, including intervention-based workload scales and multicenter work-
load assessment instruments, which provide important methodological foundations for
quantifying nursing demand in clinical settings.

Previous studies examining nursing workload have commonly relied on conventional
statistical approaches, including correlation analysis, linear regression, and multivariate
regression models, to explore associations between patient characteristics, staffing factors,
workflow variables, and perceived workload. For example, Ivziku et al. [10] identified pa-
tient acuity, staffing resources, patient transfers, documentation, isolation, and unscheduled
activities as predictors of perceived nursing workload using regression models. Similarly,
Griffiths et al. [24] demonstrated that nursing workload and staffing variation were sig-
nificantly associated with patient outcomes, highlighting the complexity of workload
generation and its implications for healthcare quality. These studies provide valuable
evidence for understanding workload-related factors; however, they may not fully capture
nonlinear relationships and interaction effects among multiple operational indicators.

In infusion-related settings, several studies have attempted to quantify nursing work-
load using technology-assisted or task-based approaches. For instance, Huiqing [25] used
Personal Digital Assistants (PDAs) to quantify infusion-specific tasks (e.g., drug dispensing
and venipuncture), and linked these metrics to performance appraisal, demonstrating
enhanced nurse motivation and management quality. Juanjuan [26] identified daily patient
volume and peak workload as critical indicators, showing that quantitative models reduce
errors and increase stakeholder satisfaction. Based on this study, Junyu [27] used a Mobile
Nursing Information System (MNIS) to measure the clinical workload (e.g., IV insertion and
resuscitation), underscoring the value of informatics in achieving accurate nurse-centric
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workload evaluations. However, both approaches share a common limitation: they primar-
ily focus on direct, observable tasks (such as venipuncture and resuscitation), potentially
overlooking indirect nursing activities (such as paperwork, family communication, and
equipment handling) that constitute a significant portion of the overall nursing workload.

These studies reveal a shift toward data-driven workload metrics in infusion care.
However, a lack of standardization persists, and existing methods often overlook the
hierarchical relationships between workload predictors. The aforementioned tools share
a common limitation: they struggle to capture the inherent complexity of infusion room
workload. Three characteristics render traditional approaches inadequate:

Nonlinearity. Workload spikes triggered by external events—such as mass casualties—
defy accurate prediction by linear models.

Interactive effects. Simultaneously managing critically dependent patients while
preparing multiple high-risk infusions creates compound demands far exceeding sim-
ple addition.

Hierarchical heterogeneity. Patient needs vary dramatically within the same triage
level—a Level 3 patient requiring a single antibiotic infusion versus multiple concurrent
infusions presents vastly different workload demands.

These characteristics—nonlinearity, interaction effects, and heterogeneity—are con-
sistent with the analytical strengths of decision tree methods. Decision trees recursively
partition data based on significant predictors, capturing nonlinear relationships without
requiring predefined functional forms. Their hierarchical structure mirrors patient severity
stratification, while intuitive if-then rules provide the interpretability needed for clinical
management decisions.

We further clarified that information systems and mobile nursing platforms were not
discussed as technological innovations alone, but as tools for capturing workload-related
data, quantifying nursing activities, and supporting objective workload assessment and
performance evaluation. Recent advances in digital health technologies and machine
learning-based workload monitoring systems have further expanded the possibilities for
real-time nursing workload assessment and dynamic workforce management in high-
intensity clinical settings [5,6].

2.2. Decision Tree Applications in Healthcare and Operational Management

Recent studies have increasingly applied machine-learning approaches to healthcare
workload prediction, patient flow management, and resource allocation. Song et al. [15]
used machine-learning algorithms to dynamically predict nursing workload in digestive
wards based on patient characteristics, demonstrating the feasibility of machine-learning
methods for nursing workload prediction. Moreno-Sánchez et al. [17] applied explainable
artificial intelligence to predict patient flow in emergency departments, supporting the
value of interpretable models in emergency resource allocation. Mafirakureva [28] modeled
the cost-effectiveness of pediatric tuberculosis (TB) service integration in Africa, using
decision trees to analyze outcomes, such as the Disability-Adjusted Life Year (DALY) and
mortality; the authors reported that results depend on baseline service coverage. Tesfa [29]
used this method to predict pregnancy termination factors in East Africa, reaching a model
accuracy of 71.8%, which identified socioeconomic variables (e.g., education and marital
status) as key influencers. Juntao [30] demonstrated the effectiveness of decision trees in
surgical wards, where admission rates emerged as the primary workload predictor. These
studies suggest that machine-learning methods may provide flexible tools for modeling
complex healthcare processes involving multidimensional and dynamic clinical data.

Among machine-learning methods, decision tree algorithms are particularly useful
when interpretability and operational applicability are important. Unlike black-box models,
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decision trees generate transparent threshold-based rules that can be directly understood
by clinicians and nursing managers. This feature is especially valuable in nursing manage-
ment, where staffing decisions require clear and explainable criteria. Comparative studies
have shown that ensemble-learning methods such as Random Forest and Gradient Boosting
often achieve superior predictive performance compared with single decision trees because
they reduce variance and improve generalization [31]. However, these improvements are
typically achieved at the expense of model transparency and interpretability. In healthcare
settings, where model output may influence staffing decisions and operational manage-
ment [32], interpretable models remain valuable because their decision pathways can be
readily understood and validated by clinical stakeholders.

Decision tree models have been applied in various healthcare contexts, including
clinical prediction, patient classification stratification, emergency department triage, and
resource planning. However, limited evidence has explored the application of decision
tree regression models to nursing workload stratification in emergency infusion rooms.
More specifically, few studies have investigated whether routinely collected infusion-room
indicators can be used to identify interpretable threshold rules for workload intensity.
Therefore, applying a classification and regression tree model in this setting may help
identify key predictors, clarify their hierarchical contributions, and provide operationally
meaningful rules for nursing workload management.

Prior to initiating the study, a systematic literature search was conducted to ascertain
the novelty of applying decision tree regression models to the emergency infusion room
context. The search was performed across PubMed, CINAHL, Web of Science and the
China National Knowledge Infrastructure (CNKI) databases, covering all records from
inception through June 2025. The search strategy employed combinations of the following
keywords: “decision tree,” “regression tree,” “CART,” “nursing workload,” “emergency
department,” “infusion room,” and “outpatient infusion.” The search results confirmed
that while machine learning methods, including decision trees, have been increasingly
applied to predict patient volumes and acuity in general emergency departments, lim-
ited peer-reviewed evidence was identified regarding the use of decision tree regression
algorithms to model or predict nursing workload indicators within emergency infusion
rooms. More precisely, this paper leverages the effectiveness of decision trees to identify
dominant workload indicators (e.g., infusion duration and patient volume) and establish
a transparent rule-based framework for resource allocation, aligning with value-based
healthcare principles.

3. Methodology
3.1. Data Collection

This study retrospectively analyzed daily workload data from the infusion room of a
Grade-A tertiary hospital in Jiangsu Province, China, covering the period from 1 July 2023
to 31 August 2025. The workload indicators comprise clinical activity metrics (i.e., the daily
chair utilization rate, direct care encounters, number of patients receiving infusions, patient
transfers, resuscitations, and deaths), patient complexity metrics (counts of high fall-risk
patients, patient volume by triage levels, including Levels II, III, and IV, and patients with
severe dependency), and time-based metrics (total daily infusion duration and medication
dispensing time).

Daily chair utilization rate was calculated as: (total chair occupancy time/total avail-
able chair time) × 100%.

The data are provided by Hospital Information System (HIS) (automatically recorded
metrics such as infused patients, direct care episodes, and dispensing time) and nurse
manager reports (manually documented high-risk and high-dependency cases).
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From an initial 792-day dataset, 31 days are excluded due to missing or incomplete
records, yielding 761 valid days for analysis. Missing data were assessed using Little’s
MCAR test. The results indicated that the missing observations were Missing Completely
at Random (MCAR) (p > 0.05). Because the proportion of missing data was relatively small
and the MCAR assumption was satisfied, no imputation procedures were applied. Instead,
listwise deletion was performed, resulting in the exclusion of 31 observation days with
incomplete records. Under the MCAR assumption, listwise deletion provides unbiased
parameter estimates and is considered an appropriate approach for handling missing data.
The final analysis included 761 complete observation days. The excluded observation
days were distributed throughout the study period and were not concentrated during
specific seasons, public holidays, or unusually high-demand periods. Therefore, listwise
deletion was unlikely to introduce meaningful seasonal or temporal bias into the final
analytical dataset.

3.2. Data Preprocessing

The Classification and Regression Tree (CRT) algorithm in SPSS 29.0 is used to eval-
uate the nursing workload in the emergency infusion room and analyze the predictor
importance and classification stratification rules. The dependent variable was daily chair
utilization rate, which served as a proxy measure of nursing workload intensity in the
emergency infusion room. This indicator was selected because it reflects the combined
influence of patient volume, infusion duration, patient turnover, and operational demand
on available nursing resources. The remaining workload metrics collected are used as
independent variables.

The CRT analysis automatically identifies hierarchical relationships between variables,
generating an optimized decision tree based on predictor significance.

For the regression tree predicting continuous nursing workload, the splitting criterion
was based on variance reduction (also termed impurity reduction for regression), which
measures the decrease in within-node variance achieved by partitioning a parent node into
two child nodes.

Gain Calculation Formula: For a given split s at node t, the gain ∆(s, t) is computed as:

∆(s, t) = SS(t)− [SS(tL) + SS(tR)]

where:

• SS(t) = ∑i∈t(yi − yt)
2 is the sum of squared deviations from the mean in the

parent node;
• SS(tL) and SS(tR) are the sums of squared deviations in the left and right child

nodes, respectively.

The gain percentage reported for each node represents the proportion of the total
variance explained by that split, normalized across all splits in the tree. Specifically, it is
calculated as:

Gain% =
∆(s, t)
SStotal

× 100%

where SStotal is the total sum of squares of the dependent variable.
To avoid potential misunderstanding, it should be noted that negative node means

observed in the raw CRT output do not represent negative nursing workload or negative
nursing time. These values arise from the internal scaling and calculation procedures used
during model construction and reflect relative deviations from the overall sample mean
rather than actual workload levels. For presentation purposes, all workload values reported
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in this study were converted back to their original scale, ensuring that the results can be
interpreted directly in terms of workload intensity.

3.3. Development of the Decision Tree Model

The CRT algorithm can be used for classification and regression. The output of a
classification tree is the category of the sample, while that of a regression tree is a real
number. It comprises three steps: feature selection, recursive construction of decision tree,
and decision tree pruning.

The CRT model was implemented using binary recursive partitioning in SPSS. Sur-
rogate splitting was not enabled because missing data were addressed prior to model
development. Tree complexity was controlled through pre-pruning parameters, includ-
ing a maximum depth of three levels, a minimum parent node size of 100 observations,
and a minimum child node size of 50 observations. Cost-complexity post-pruning was
not applied.

Maximum depth = 3: During cross-validation, tree depths ranging from 2 to 10
were evaluated. Depth 3 yielded the optimal trade-off between predictive performance
(minimizing cross-validated MSE) and interpretability. Depths greater than 3 produced
marginal improvements in accuracy (≤2%) but generated substantially more complex rules,
reducing clinical usability. Depth 2, while simpler, resulted in a 12% increase in prediction
error. Thus, depth 3 was selected as the parsimonious optimum.

Minimum parent node size =100 and minimum child node size = 50: These parameters
control the minimum number of cases required for a node to be split (parent) and for a
terminal node (child). These values were optimized via grid search during cross-validation.
The selected thresholds ensure that each split is based on a sufficiently large sample
(≥100 shifts) to yield stable, generalizable patterns, while preventing splits that create
tiny, potentially overfitted terminal nodes (minimum 50 shifts). These sizes represent
approximately 15% and 7.5% of the training sample, respectively, striking a balance between
capturing meaningful subgroups and avoiding noise-driven splits.

3.4. Comparative Model Analysis

To benchmark predictive performance, multiple linear regression, random forest, and
gradient boosting models were developed using the same predictor set and evaluated
using 10-fold cross-validation. Model performance was compared using R2, RMSE, MAE,
and MSE.

4. Results
4.1. Descriptive Statistics of the Independent Variable

Table A1 shows the final inclusion of 761 days of infusion suite workload data, con-
taining 10 representative workload indicators, along with descriptive data.

Output of the Decision Tree Model

The CRT algorithm generated a parsimonious tree with a maximum depth of three,
yielding six terminal nodes that classify shift-level workload into low, medium, and high
categories. Figure 1 presents the visual structure of the decision tree, with splitting rules
and threshold values at each node.

Root Node Split: The total daily infusion duration emerged as the most important pre-
dictor, forming the initial partition of the data. Shifts with total infusion duration ≤ 305 h
were classified directly into the low workload stratum, representing periods with minimal
nursing time requirements.
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Figure 1. Decision Tree for Infusion Suite Workload Indicators Tree Chart.

Secondary Splits for Intermediate Infusion Durations: For shifts with infusion duration
between 305 and 408 h, workload stratification required additional predictors. At this node,
number of direct care encounters became the decisive factor: shifts exceeding 513 direct care
encounters were classified as high workload, while those below this threshold proceeded
to the next level.

Tertiary Split for Patient Volume: Among shifts with infusion duration in the inter-
mediate range (305–408 h) and direct care encounters ≤ 513, number of patients receiving
infusions provided the final differentiation. Shifts with patient volume > 310 were classified
as high workload, whereas those with ≤310 patients were categorized as medium workload.

High-Duration Direct Classification Stratification: Shifts with total infusion
duration > 408 h were classified directly as high workload without further splitting, indi-
cating that extreme infusion duration alone is sufficient to predict peak nursing demand.

Figure 1 presents the CRT model illustrating the hierarchical structure of the
decision tree.

Table 1 presents the gain statistics for each terminal node of the CRT model. In CRT
analysis, the gain percentage reflects the proportion of the overall target outcome captured
by a specific node relative to the entire dataset. Higher gain percentages indicate that a
node contains a greater concentration of observations associated with higher workload
intensity and therefore contributes more substantially to distinguishing workload patterns
within the model.

Among the terminal nodes, Node 1 exhibited the highest gain percentage (22.5%) with
a mean workload-intensity value of 1.251, indicating that this subgroup accounted for a
relatively large share of the overall workload burden identified by the model. In contrast,
Node 9 showed the lowest gain percentage (11.0%) with a mean value of 0.947, suggesting
a comparatively smaller contribution to the overall workload distribution.

Table 2 presents risk evaluation metrics derived from a decision tree model, comparing
two validation methods: resubstituting and 10-fold cross-validation. The resubstituting error
(0.045) represents the in-sample risk of the model, indicating how well the decision tree fits
the training data.
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Table 1. Summary of node gains.

Node n % Mean Value

7 89 11.7% 1.834
9 84 11.0% 0.947
8 115 15.1% 0.429
5 159 20.9% 0.046
4 143 18.8% 0.496
1 171 22.5% 1.251

Table 2. Risk for the decision tree.

Method Estimation Standard Error

Re-substitute 0.045 0.005
Cross-validation 0.046 0.005

The close agreement between the re-substitution estimate (0.045, SE = 0.005) and cross-
validation estimate (0.046, SE = 0.005) suggests stable predictive performance, supports the
model’s generalizability, and indicates limited evidence of overfitting.

To provide a more comprehensive assessment of model performance, additional
regression metrics were calculated for the CRT model. The model achieved an R2 of 0.939,
indicating that approximately 93.9% of the variance in workload intensity was explained
by the predictors included in the model. The corresponding MAE, MSE, and RMSE values
were 0.035, 0.045, and 0.212, respectively, suggesting good predictive performance on the
training dataset (Table 3).

Table 3. Performance metrics of the CRT model.

Metric Training Set

R2 0.939
MAE 0.035
MSE 0.045

RMSE 0.212

4.2. Importance of Variables

Figure 2 presents the relative importance of independent variables in the decision
tree model, ranked by their contribution to the outcome prediction. The importance
values are expressed as percentages, reflecting the impact of each variable on the decision-
making process of the model. The highest importance score (0.922) indicates that total daily
infusion duration was the most influential predictor within the fitted CRT model. Direct
care encounters (0.804) and the number of patients receiving infusions (0.773) followed
closely, suggesting that these variables contributed substantially to workload-intensity
prediction within the model.

Medication dispensing time (0.634), severe dependency (0.622), and patient IV volume
(0.621) demonstrated moderate predictive importance. Their similar importance scores
suggest comparable contributions to the decision-tree splitting process.

Patient III (0.446), high risk of falling (0.300), and patient II (0.202) have a lesser effect.
For example, the high risk of falling (32.5%) may affect classification stratification only in
specific branches.
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Figure 2. Importance of Independent variable.

4.3. Comparative Model Analysis

To benchmark the predictive performance of the CRT model, additional models includ-
ing multiple linear regression, random forest, and gradient boosting were developed using
the same predictor set and evaluated using 10-fold cross-validation. As shown in Table 4,
alternative models achieved higher predictive accuracy than the CRT model. However,
the CRT model was retained because it provides transparent threshold-based decision
rules that can be readily translated into staffing and workload management strategies in
emergency infusion rooms.

Table 4. Comparative predictive performance of different modeling approaches based on 10-fold
cross-validation.

Model R2 RMSE MAE

Linear Regression 1.000 <0.001 <0.001
Random Forest 0.993 0.015 0.008

Gradient Boosting 0.999 0.007 0.005
CRT 0.927 0.212 0.037

4.4. Sensitivity Analysis

To assess the potential influence of feature leakage between daily chair utilization
rate and total infusion duration, a sensitivity analysis was conducted by excluding total
infusion duration from the predictor set and rebuilding the CRT model using the same
modeling parameters. As shown in Table 5, the sensitivity model demonstrated a reduction
in predictive performance compared with the original model. The cross-validated R2

decreased from 0.927 to 0.850, and the RMSE decreased from 0.212 to 0.073. Despite this
decline in accuracy, the model retained acceptable predictive performance. Direct care
encounters remained the most influential predictor, followed by the number of patients
receiving infusions and medication dispensing time.

Table 5. Sensitivity analysis excluding total infusion duration.

Model R2 MSE RMSE MAE

Original CRT model 0.927 0.045 0.212 0.037
Excluding total

infusion duration 0.850 0.039 0.073 0.053

Furthermore, the overall hierarchical structure of the decision tree remained largely
consistent, indicating that the workload stratification patterns identified by the CRT model
were not solely dependent on total infusion duration. These findings suggest that al-

https://doi.org/10.3390/healthcare14131966

https://doi.org/10.3390/healthcare14131966


Healthcare 2026, 14, 1966 11 of 15

though total infusion duration contributed substantially to model performance, the main
conclusions of the study remained robust after its exclusion.

5. Discussion
5.1. Interpretation of Key Predictors

The CRT model identified total infusion duration, direct care encounters, and
the number of patients receiving infusions as the most influential predictors of work-
load intensity within the fitted model. These findings are clinically plausible because
each indicator captures a distinct dimension of operational demand in emergency
infusion rooms.

Total infusion duration reflects cumulative chair occupancy and sustained nursing
supervision requirements. Longer infusion times increase the duration of patient moni-
toring, medication management, and clinical observation, thereby contributing to higher
workload intensity. Direct care encounters represent the frequency of nurse–patient in-
teractions and are closely associated with nursing labor input. Similarly, the number of
patients receiving infusions reflects overall service volume and operational demand. To-
gether, these predictors capture temporal, activity-based, and volume-related dimensions of
workload generation.

The present findings are broadly consistent with previous nursing-workload studies
reporting that patient volume, care intensity, and nursing activity levels are major contribu-
tors to workload demand. For example, Ivziku et al. [10] identified patient acuity, staffing
requirements, and clinical activities as important workload predictors, while Griffiths et al.
reported associations between workload variation and patient-care outcomes. Consistent
with these studies, total infusion duration, direct care encounters, and patient volume
emerged as the most influential predictors within the present model. However, unlike con-
ventional regression-based approaches that primarily estimate associations, the CRT model
identified operational thresholds that stratified workload intensity into distinct workload
strata, providing a more interpretable framework for management decision-making.

The identified thresholds provide operationally meaningful workload strata that may
facilitate workload monitoring and staffing decisions.

5.2. Implications for Nursing Management

One important advantage of the CRT model is its ability to generate transparent
workload stratification rules [24]. Unlike conventional regression models that primarily
quantify statistical associations, the decision tree identifies operational thresholds that can
be readily interpreted and translated into management actions.

For example, the CRT model identified specific thresholds for total infusion duration
and direct care encounters that distinguished low-, moderate-, and high-workload strata.
Because these indicators are routinely collected during daily operations, they could po-
tentially be incorporated into workload-monitoring systems without requiring additional
data collection. When workload indicators approach or exceed predefined thresholds,
nurse managers may anticipate periods of increased workload demand and consider tem-
porary staffing adjustments, task redistribution, or workforce reinforcement. Conversely,
during lower-demand periods, staffing resources may be allocated more efficiently while
maintaining patient-care quality.

In addition, the workload stratification framework may provide an objective reference
for interpreting differences in workload exposure when evaluating staff performance
and resource utilization. Rather than relying solely on patient volume or staffing ratios,
managers may use workload strata to contextualize operational demands across different
shifts or observation periods.
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It should be noted that the present study did not directly evaluate patient outcomes,
nursing burnout, staffing efficiency, or the effectiveness of workload-informed staffing
interventions. Therefore, the potential management benefits described above should be
interpreted as practical applications of the proposed framework rather than outcomes
demonstrated by the current study. Future prospective studies are needed to evaluate
whether integrating workload stratification into routine management processes improves
staffing decisions and operational performance.

5.3. Comparison with Previous Studies and Alternative Models

The findings of this study are consistent with previous research indicating that work-
load intensity is influenced by patient volume, care complexity, and nursing activity levels.
Similar predictors have been identified in studies examining emergency department opera-
tions, nursing workload measurement, and healthcare resource utilization [33].

To further evaluate model performance, multiple linear regression, random forest,
and gradient boosting models were developed using the same predictor set. Although
these alternative models achieved higher predictive accuracy than the CRT model, the
observed differences in prediction error were relatively modest and did not substantially
alter the overall workload stratification patterns identified in this study. From a nursing
management perspective, the primary objective of the proposed framework is to support
workload categorization and staffing allocation rather than to generate highly precise nu-
merical predictions. Therefore, the improved interpretability and explicit threshold-based
decision rules provided by the CRT model may outweigh the modest reduction in predic-
tive accuracy for routine operational decision-making. Nevertheless, ensemble-learning
approaches combined with explainable artificial intelligence techniques, such as SHAP or
LIME, may further improve predictive performance while preserving interpretability and
should be explored in future research.

5.4. Strengths and Limitations

This study has several strengths. The use of an interpretable machine-learning ap-
proach enabled the identification of workload-related patterns within a real-world emer-
gency infusion setting. In addition, the CRT model generated transparent workload strat-
ification rules that may facilitate operational decision-making and staffing management.
The robustness of the findings was further evaluated through comparative analyses and
sensitivity analyses.

Several limitations should also be acknowledged. The study was conducted in a single
tertiary hospital, which may limit the generalizability of the findings to other healthcare
settings. Furthermore, daily chair utilization rate was used as a proxy measure of workload
intensity rather than a direct measure of nursing workload. Although this indicator
reflects multiple dimensions of operational demand, it may not fully capture all aspects of
nursing activities.

A further limitation is that the CRT model was developed using a predefined set of
routinely collected operational indicators. Although these variables captured important
dimensions of workload demand, additional factors that may influence nursing workload,
such as staffing composition, nurse experience, patient-acuity characteristics, workflow
interruptions, and organizational factors, were not available for analysis. Consequently,
the identified workload stratification rules should be interpreted within the context of the
variables examined in this study.

In addition, only internal validation was performed in the present study. Finally, this
was a retrospective single-center study conducted in one tertiary emergency infusion room.
Therefore, the identified workload predictors, decision thresholds, and workload stratifica-
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tion rules should be interpreted within the context of the present study setting. External
validation using multicenter datasets and alternative workload measures is warranted
before broader clinical implementation can be recommended.

6. Conclusions
This study developed and evaluated an interpretable classification and regression tree

(CRT) model to assess workload intensity in an emergency infusion room using routinely
collected operational indicators. Within the fitted model, total infusion duration, direct care
encounters, and the number of patients receiving infusions emerged as the most influential
predictors of workload intensity, represented by daily chair utilization rate.

The CRT model identified transparent threshold-based workload stratification patterns
and demonstrated acceptable predictive performance. Comparative analyses showed that
alternative models, including multiple linear regression, random forest, and gradient
boosting, achieved higher predictive accuracy. However, the CRT model provided greater
interpretability and generated explicit decision rules that may be more readily translated
into nursing management practice.

Sensitivity analyses further suggested that the overall workload stratification pattern
remained relatively stable after excluding total infusion duration, supporting the robustness
of the main findings. Nevertheless, the use of daily chair utilization rate as a proxy measure
of workload intensity and the potential conceptual overlap with infusion duration should
be considered when interpreting the results.

Overall, the proposed framework provides a practical and interpretable approach
for workload assessment in emergency infusion settings and may support data-informed
staffing allocation and operational decision-making. Future studies should validate the
model across multiple institutions and explore alternative workload outcome measures to
further enhance generalizability and applicability.
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Appendix A

Table A1. Descriptive statistics.

N Scope Minimum
Value

Maximum
Value Value Standard

Deviation Variance Skewness Kurtosis

Independent
Variable Statistic Statistic Statistic Statistic Statistic Standard

Error Statistic Statistic Statistic Standard
Error Statistic Standard

Error

Total daily
infusion
duration

761 35.85 1.10 36.95 17.3163 0.23258 6.41611 41.166 0.365 0.089 0.197 0.177

Dispensing
time 761 6.87 0.03 6.90 1.5623 1.10570 1.10570 1.223 1.749 0.089 3.435 0.177

People
infused 761 354 13 367 183.98 59.542 59.542 3545.290 0.118 0.089 0.168 0.177

Direct care 761 1055 39 1094 559.99 184.904 184.904 34,189.531 0.138 0.089 0.226 0.177

Patient II 761 15 0 15 4.01 2.917 2.917 8.507 1.157 0.089 1.447 0.177

Patient III 761 98 2 100 35.79 18.699 18.699 349.665 0.703 0.089 0.142 0.177

Patient IV 761 294 11 305 144.12 46.429 46.429 2155.688 0.342 0.089 0.175 0.177

High risk of
falling 761 40 0 40 10.51 6.557 6.557 43.000 1.209 0.089 1.626 0.177

Severe
dependency 761 196 5 200 75.68 34.200 34.200 1169.612 0.536 0.089 0.133 0.177

Effective
cases 761
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