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ABSTRACT

Objective Machine learning (ML) models have emerged
as tools to predict length of stay (LOS) and disposition
decision (DD) in emergency departments (EDs) to combat
overcrowding. However, site-specific ML models are not
transferable to different sites. Our objective was to develop
interpretable ML models to predict LOS and DD at specific
time points, all while establishing a transparent data
analysis framework. This framework was designed to be
easily adapted by other institutions for the development of
their own ML models.

Methods We analysed data from 297 392 ED visits of
patients aged 18 and above at a quaternary hospital
between 30 June 2019 and 31 December 2022. Eight ML
algorithms were evaluated, and ultimately, twelve lasso
models built from 21 features were trained to predict four
outcomes of LOS and DD at three time points post-triage.
Hold-out testing and cross-validation were conducted for
these models.

Results The area under the curve values were
0.862/0.868/0.878 for binary LOS predictions at 10,

60 and 120-minute time points and 0.839/0.851/0.863
for binary DD predictions. The accuracies were
60.2%/60.7%/61.9% for ternary LOS predictions and
61.5%/62.3%/63.4% for ternary DD predictions.
Conclusions Interpretable ML models demonstrated
outstanding performances in predicting both LOS and DD.
The transparent data analysis framework can be easily
adapted by other institutions.

INTRODUCTION

Efficient patient flow through emergency
departments (EDs) is crucial for patient
safety.' * While it is well established that the
primary barrier to efficient flow is the avail-
ability of hospital beds for emergency admis-
sions,” * improvements can also be made in
the efficiency of decision-making and referral
processes within the ED, as well as in the allo-
cation of beds to ED patients.” To address this
quality improvement objective, recent years
have seen the development of two types of
machine learning (ML) models using data
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= Early predictions of patients’ length of stay (LOS)
and disposition decision (DD) can help alleviate
emergency department (ED) overcrowding.

= Previous studies have developed models for predict-
ing LOS or DD, but none have provided a transpar-
ent data analysis framework for other institutions to
adapt.

WHAT THIS STUDY ADDS

= Our study developed 12 interpretable models for
predicting both binary and ternary LOS and DD at
three time points.

= The transparent data analysis framework provided
in our study can be easily adapted by other insti-
tutions for developing their own machine learning
(ML) models.

= A novel approach was devised to effectively address
the U-shaped correlation issue in developing gener-
alised linear models.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Our models can improve ED efficiency by predicting
decisions clinicians are likely to make or supporting
them in making prompt decisions.

= The transparent data analysis framework provides a
blueprint that can be applied to other studies using
ML algorithms for predictions in the ED.

extracted from electronic patient records
(EPR). Some studies have focused on devel-
oping ML models for predicting length of
stay (LOS),*! aiming to identify key factors
influencing LOS to aid in managing ED over-
crowding. Additionally, real-time display of
individual LOS predictions could potentially
enhance patient satisfaction.” Other studies
have constructed ML models for early predic-
tions of disposition decision (DD),> '#1?
aiming to improve patient flow and minimise
waiting time.
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In healthcare environments, ensuring model inter-
pretability is of paramount importance to establish trust
and mitigate biases.”” Furthermore, in ED settings, it is
recognised that site-specific models are not transferable
to different hospitals, and multihospital global models
do not perform as well as site-specific models."* *' When
a model trained at one hospital is applied at another,
its performance significantly diminishes. There is no
one-size-fits-all model that works for all ED settings. For
a framework to be adaptable by other institutions for
developing their own site-specific models, transparency
throughout the entire data analysis process is crucial.
Previous studies have not provided a transparent data
analysis framework for building interpretable ML models
to predict LOS or DD. Common gaps included the omis-
sion of essential details on categorical feature encoding,”’
handling of missing or outlier values,'” feature selection”
and individual prediction methodologies.”® These gaps
hindered other institutions from adapting these frame-
works effectively. Therefore, this study aimed to achieve
the following objectives:

» Develop interpretable ML models with strong perfor-
mances for predicting both binary and ternary LOS
and DD at 10, 60 and 120 min time points post-triage.

» Demonstrate a transparent data analysis framework.

METHODS

Study design and settings

The hospital, located in Melbourne, Victoria, Australia,
serves as a major quaternary adult facility providing
various medical, surgical, mental health and sub-acute
services, including a major trauma service. A de-identi-
fied dataset was obtained from the EPR, covering ED visits
from 30 June 2019 to 31 December 2022. Each ED visit was
associated with demographic, clinical and administrative
data, including flowsheet features recorded at different
time points during the visit. Excluded from the study were
cases involving patient death in the ED, patients leaving
without being seen, those leaving after clinical advice or
individuals under 18 years of age at presentation. Addi-
tionally, to reduce the potential disruptions caused by the
provision of a COVID-19 testing service through the ED
on the final models, ED visits solely for COVID-19 diag-
nosis were also excluded. All data analysis was conducted
using Python on the University of Melbourne’s high-
performance computing system, Spartan.

Outcome definitions and prediction time points

Two primary outcomes were defined, each accompa-
nied by a corresponding secondary outcome. The first
primary outcome determined whether the LOS exceeded
4hours, covering both the ED and subsequent hospital
stay. The associated secondary outcome categorised LOS
as: (1) within 4hours; (2) between 4 and 24 hours; (3)
exceeding 24 hours. The other primary outcome deter-
mined the DD for patients, whether they were discharged
or required further hospital care. The related secondary
outcome indicated if the patient was: (1) discharged; (2)

admitted to short stay; (3) admitted to an inpatient bed
or transferred out. Predictions were made at three time
points: 10, 60 and 120 min after the end of triage, aligning
with key stages of patient assessment: completion of triage
(10 min), consultation with a doctor (60 min) and further
observation (120min). In total, 12 models were needed
to predict the four outcomes at the three time points.

Data pre-processing

The raw data was split into modelling and test data, each
undergoing pre-processing and processing separately
(figure 1A). Given the retrospective nature of the study,
we ensured that only data available before the prediction
time points were used, preventing the creation of predic-
tive models with artificially inflated performances. For
more details on data pre-processing, see online supple-
mental appendix A.

Subsequently, three separate datasets were generated
for the 10, 60 and 120min time points, each forming
the foundation for building four unique models. For
simplicity, we primarily focused on the model for
predicting binary LOS at the 120-minute time point.
This specific example served to illustrate the consistent
approach applied across all 12 models.

Data processing

In the modelling data, features were divided into two
main types: categorical and numeric. To illustrate the
processing of categorical features, consider the feature
‘Intravenous catheter site’. Univariate association analysis
revealed that the ED visits with missing ‘Intravenous cath-
eter site” were less likely to have LOS>4hours compared
with those with recorded values (table 1). Consequently,
missing values for ‘Intravenous catheter site’ were treated
as a distinct category. Because one-hot encoding would
create 13 new features, it was considered undesirable for
this study. Instead, each value of ‘Intravenous catheter
site’ was encoded with the logit value of its probability
associated with the binary LOS outcome. This target
encoding approach® effectively replaced a categorical
feature with a single numerical feature, thereby simpli-
fying data processing.

Numeric features in the modelling data underwent
two distinct processing methodologies. Features with 25
or fewer unique values were transformed into categor-
ical features and treated accordingly. For other numeric
features, consider ‘Systolic blood pressure’ as an example.
Univariate association analysis revealed a U-shape correla-
tion: patients with very low or very high systolic blood
pressures were more likely to have LOS more than 4 hours
(figure 2). A novel approach, combined with target
encoding, was devised to address the issues of U-shaped
correlations, missing values and outliers. All ‘Systolic
blood pressure’ values were segmented into 25 intervals
with nearly equal membership and converted to the logit
value of the associated probability of its interval with
the binary LOS (see online supplemental appendix B).
Acknowledging weaker correlation, missing values were
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Figure 1 The diagram of data analysis. (A) Modelling and testing; (B) 10-fold cross validation.

treated as a separate interval, rather than being replaced
with the mean or median value as in other studies.” '* %
Furthermore, outliers were included in the first and last
intervals.

Subsequently, standardisation was applied to the model-
ling data, with each feature normalised by subtracting its
mean and dividing by its SD.

Feature selection

To develop an ML model suitable for clinical settings,
it is vital to limit the number of features and address
multicollinearity—a phenomenon where correlated
features within a regression can pose challenges. In this
study, feature selection was executed by building a lasso
model** on modelling data. This approach addressed

Table 1 The univariate association between the categorical feature ‘Intravenous catheter site’ and the binary LOS outcome in
the modelling data for the 120-minute time point

Value Count Percentage Count of LOS>4hours Probability of LOS>4hours Logit(prob)
Missing 94884 54.8127 45934 0.48 -0.06
Arm 82 0.0474 71 0.87 1.86
Cubital fossa 49877 28.8130 44434 0.89 2.1
Hand 9496 5.4857 8664 0.91 2.34
Wrist 2807 1.6215 2616 0.93 2.62
Lower leg 16 0.0092 15 0.94 2.71
Forearm 11914 6.8825 11229 0.94 2.8
Upper arm 1766 1.0202 1669 0.95 2.85
Dorsal arch 2138 1.2351 2044 0.96 3.08
Ankle 25 0.0144 24 0.96 3.18
Foot 96 0.0555 95 0.99 4.55
Neck 3 0.0017 3 1 4.6
Scalp 1 0.0006 1 4.6
Upper leg 1 0.0006 1 1 4.6

Set logit(prob) as logit(0.99) if prob>0.99, and logit(0.01) if prob<0.01.
LOS, length of stay.
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Total count: 173106, including 105260 missing values (60.8%)
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Figure 2 The distribution of feature ‘Systolic blood pressure’ and its associated probability with binary length of stay (LOS)
outcome in the modelling data for the 120-minute time point. Both the count and probability lines were smoothed.

multicollinearity by automatically selecting one of the
correlated features and discarding the others. To main-
tain simplicity, the relevant binary outcome was always
used for feature selection. Although lasso-based feature
selection reduced features significantly, it still left too
many for practical use. After testing various feature sets,
we selected the top 21 features from the coefficient table
for further model development, balancing model perfor-
mance with simplicity.

Modelling and validation

Eight predictive models were trained using the model-
ling data: logistic, ridge, lasso, elastic net, decision tree,
random forest, xgboost and ensemble. The ensemble
model combined logistic, decision tree and xgboost
models. Subsequently, the test data underwent dedicated
pre-processing and processing (figure 1A). Derived from
the modelling data, the feature encoding and standardi-
sation rules, along with the selected features, were applied
to the test data. If a categorical feature value in the test
data was not present in the modelling data, it was substi-
tuted with the most frequent value of the feature from the
modelling data. Each of the eight trained models was then
applied to the processed test data, providing predicted
probabilities for each ED visit. For binary outcomes, the
area under the curve (AUC) values were calculated for
model comparison. For ternary outcomes, the models
were multi-class classifiers that predicted probabilities for
each of the three possible outcome classes. The predicted
class was determined by selecting the one with the highest
probability, and accuracy for model comparison was then
calculated based on this predicted class. The 95% CIs
were calculated by using 1000 bootstrapped samples.

Additionally, 10-fold cross-validation was conducted
using only the modelling data (figure 1B). The cross-
validation results were used to identify the optimal cut-off
value corresponding to the highest F1 score for binary
outcome predictions.

RESULTS
Study participants and pre-processed datasets
The raw data, extracted from the EPR, consisted of
297392 ED visits involving 181407 unique patients and
encompassed 170 features. A subset of 196714 ED visits
from randomly selected 150000 patients was designated
as the modelling data. The remaining 100678 ED visits,
involving 61407 patients, were held out as the test data.
After pre-processing the modelling data, three sepa-
rate datasets were created for the 10, 60 and 120-minute
time points post-triage. These pre-processed datasets
comprised 173 193, 173 108 and 173106 ED visits, with
41, 63 or 68 features, respectively. Across all datasets,
approximately 32.5% of visits reported LOS<4hours,
34.2% reported LOS between 4 and 24 hours and 33.3%
reported LOS>24hours. DD was distributed as follows:
43.2% ‘Discharged’, 25.9% ‘Short stay’ and 31.0%
‘Admitted or transferred’.

Processed data and selected features

In the pre-processed modelling data for the 120-minute
time point, 7 111 591 cells had observed values, while
4659617 were missing, resulting in a 39.6% missing-
ness rate (see online supplemental appendix C). Subse-
quently, encoding tables were generated, such as table 1
(also see online supplemental appendix B), along with
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Figure 3 Predicted probability with test data for predicting binary length of stay (LOS) at 120 min by the lasso model.
(A) Density plots for cases (LOS>4 hours) and controls (LOS<4 hours); (B) density plot and line curve between actual probability

and predicted probability.

data standardisation tables (see online supplemental
appendix D). Moreover, coefficient tables were gener-
ated by building lasso models for feature selection (see
online supplemental appendix E). For predicting LOS
at the 120-minute time point, 21 out of 68 features were
initially excluded as their coefficients were reduced to
zero. Among the remaining 47 features, a total of 21 were
selected to build the final models.

Model evaluation

We evaluated eight predictive models through hold-out
testing and cross-validation. Given the minor differences
in performances and significant advantages in interpret-
ability, we chose the interpretable lasso for the final 12
models (see online supplemental appendix F). For more
details on model evaluation, see online supplemental
appendix A.

Interestingly, the AUC or accuracy exhibited a slight
but consistent improvement as the time point increased,
suggesting the potential for accurate predictions as early
as 10min post-triage. From the lasso model predicting
binary LOS at the 120-minute time point, with cut-off
0.429, testing results revealed an AUC of 0.878 (95%
CI 0.875 to 0.88), sensitivity of 91.4% (95% CI 91.2% to
91.7%), precision of 83.6% (95% CI 83.3% to 83.9%).
Notably, the OR between the right and left sides of this
cut-off was remarkably high at 37.33, indicating the
lasso model’s ability to make highly accurate predic-
tions (figure 3A). Importantly, a substantial portion of
predicted probabilities closely aligned with the actual
probabilities (figure 3B).

Model application and feature importance

In table 2, we demonstrated the application of predicting

a patient’s binary LOS at the 120-minute time point post-

tirage using the lasso model. The model used 21 features,

and the process unfolded as follows:

» Raw values for 11 features were collected for the ED
visit, with another five features having missing values.

» Raw values underwent pre-processing, with five novel
features created (see online supplemental appendix
A).

» During the data processing step, all pre-processed
values were converted into numeric form, following
the predefined data encoding and standardisation
rules.

» Leveraging the calculated coefficient values,
we computed the final predicted probability of
‘LOS>4 hours’, which in this case amounted to 0.973,
using the lasso formula:

p= !
lte— (Bo+B1x1+Boxg+...)

» Finally, given the predefined cut-off value of 0.429, the
LOS for this patient was predicted as ‘LOS>4hours’.
In reality, this patient’s LOS extended beyond 40 days
in the retrospective dataset.

The coefficient values indicate the importance of the
features in the model. For instance, in the 120-minute
model predicting binary LOS, the feature ‘Order count’
emerged as the most influential, with the highest coeffi-
cient of 0.614. This implies that for every one-unitincrease
in the processed value of ‘Order count’, the odds of
‘LOS>4 hours’ increase by approximately 85% (calculated
as 60'614—1). Consider two patients, A and B, with identical
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Table 2 An example of predicting a patient’s binary LOS at the 120-minute time point using the lasso model

Feature Coefficient Raw value Pre-processed value Processed value Contribution
Intercept 1.36 1 1.36
Intravenous catheter site 0.549 Cubital fossa Cubital fossa 0.916 0.502
Intravenous catheter size (gauge) 0.398 20 20 0.938 0.373
Arrival transport mode 0.332 Road ambulance Road ambulance 1.089 0.362
service service
Problem count 0.127 20 2.367 0.3
Order count 0.614 48 0.482 0.296
Triage target time compliance 0.179 0 No 1.486 0.266
Orientation 0.129 Posterior Posterior 1.998 0.258
Patients waiting 0.158 10 1.606 0.254
Intravenous catheter site -0.46 -0.479 0.221
assessment
Postcode 0.255 3046 3046 0.315 0.08
Age 0.358 61 61 0.211 0.075
At risk of, or has, postural -0.024 -0.651 0.016
hypotension, syncope or
dizziness
Triage complaint 0.191 Fever/infection  Fever/infection —-0.068 -0.013
Referred by 0.149 Self, family, Self, family, friends -0.126 -0.019
friends
Oxygen delivery at triage 0.152 -0.217 -0.033
Glasgow coma score 0.161 15.0_level 15.0_level -0.215 -0.035
Mobility 0.144 —-0.655 -0.094
Arrival hour 0.19 15 —-0.544 -0.1083
Heart rate 0.166 -0.799 -0.133
Triage category 0.163 4—semiurgent  4—semi urgent -0.923 -0.151
Average waiting time 0.315 28.5 -0.618 -0.194
Sum 3.588
Predicted probability 0.973

In the raw data, five features— ‘Intravenous catheter site assessment’, ‘At risk of, or has, postural hypotension, syncope or dizziness’,
‘Oxygen delivery at triage’, ‘Mobility’ and ‘Heart rate’—had missing values. During data pre-processing, five novel features—‘Problem count’,
‘Order count’, ‘Patients waiting’, ‘Arrival hour’ and ‘Average waiting time’ —were created based on existing data. All numbers in the table were

rounded.
LOS, length of stay.

feature values except for ‘Order count’. Patient A has 0
orders, while patient B has 48 orders. The processed values
for ‘Order count’ are —1.081 and 0.482, respectively. The
odds of ‘LOS>4hours’ for patient B increase by approxi-
mately 161% (calculated as o1 (04821081 _y compared
with patient A. Similarly, ‘Age’ possesses the fifth largest
coefficient of 0.358 (in terms of absolute value). Suppose
all other features remain the same; moving from 51 years
old to 61 years old, the odds increase by 12%, and from 61
years old to 71 years old, the odds increase by 35%.

DISCUSSION
The models developed in our study are intended to
complement the expertise of experienced clinicians,

enhancing efficiency by predicting decisions which clini-
cians are likely to make or supporting them in making
decisions more promptly. Therefore, interpretability is
crucial to establish trust and to mitigate potential biases
in the models.*” Many previous studies built black box
models using ML algorithms like gradient boost, random
forest and deep learning,” '’ '* 1% lacking effective inter-
pretability. In contrast, our models prioritised interpret-
ability, enabling clinicians to cross-reference predictions
against their own judgments, particularly when there are
disparities, thereby enhancing clinical decision-making.
Our study emphasised meticulous data pre-processing
and processing to construct interpretable models with

. L . 5611
robust performance. Unlike most existing studies,” "
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we included all available features at the beginning. After
feature selection, 21 features were used in building the
models, rather than just a few. A key contribution was
the implementation of target encoding and a method
for handling missing categorical and numeric values,
which differed from conventional methods that replace
missing values with the most frequent values or the mean
or median.” '* * Moreover, while maintaining interpret-
ability, our study is the first to effectively address the chal-
lenging U-shaped correlation issue, a factor overlooked by
previous studies in developing generalised linear models
in EDs.” "' " Due to these rigorous data pre-processing
and processing efforts, the evaluation of eight ML algo-
rithms revealed minor performance differences between
interpretable lasso models and other black-box models,
allowing us to select lasso for the final 12 models.

Using a model trained on data from one site at new
sites comes at the cost of reduced accuracy, and global
models trained on aggregate data from all sites are less
accurate at individual sites than site-specific models."* *!
This phenomenon is frequently attributed to variations
in operational practices, local patient populations and
local care protocols among hospitals.” '* Even within the
same hospital, evaluating a model with later data can
result in reduced accuracy due to concept drift—changes
in data and model requirements over time.” Previous
studies lacked a transparent data analysis framework for
developing ML models for LOS and DD predictions, with
unclear procedures and critical omissions hindering the
replication of these analyses using alternative datasets.
Our study addresses these gaps by detailing the steps for
data pre-processing, processing, modelling and valida-
tion. It represents the first to demonstrate a transparent
data analysis framework for developing interpretable ML
models with robust performance in predicting LOS and
DD in EDs. This framework enables easy adaptation by
other institutions using their own datasets, even if their
features are different from ours. While it also makes it
possible to address the concept drift through drift adap-
tation,” resolving this issue in detail is beyond the scope
of this study.

The models for predicting LOS and DD in the ED
identified several key variables, which align well with
current clinical practice. Notably, the feature ‘Average
waiting time’ ranked among the top 10 features for all
three models predicting binary LOS but was not signifi-
cant for any model predicting binary DD. This suggests
that waiting time influences a patient’s LOS but does not
impact the DD made by clinicians. Additionally, models
predicting binary LOS and DD at 120min post-triage
shared 8 out of 10 top features: ‘Age’, ‘Arrival transport
mode’, ‘Intravenous catheter site’, ‘Intravenous catheter
site assessment’, ‘Intravenous catheter size (gauge)’,
‘Order count’, ‘Postcode’ and ‘Triage complaint’. This
indicates a natural association between LOS and DD. In
simple terms, after accounting for variations in waiting
time, a patient whose care is completed within 4hours
might be best discharged directly from the ED, one who

requires 4-24 hours of care might be well suited to a short
stay unit and one needing over 24 hours of care may be
best served on an inpatient ward.

Using predicted probabilities empowers clinicians to
optimise resource allocation and enhance patient flow
efficiency. For instance, consider a patient highlighted
in table 2 with a predicted probability of exceeding a
4-hour LOS at 0.973, notably surpassing the threshold
of 0.429. An EPR marker indicating a high probability of
LOS exceeding 4hours can effectively direct a clinician’s
attention to the right patient and relevant data through
personalised interpretations, facilitating timely and
instinctive DD. This approach is particularly valuable for
communicating decisions to both patients and colleagues.
Similarly, predicted probabilities of DD can provide valu-
able insights to aid decision-making processes. For more
discussion, see online supplemental appendix A.

Limitations

Our study is subject to several limitations. First, while
our data pre-processing and processing procedures were
rigorous, they were not exhaustive. For example, some
potentially useful features, such as ‘ICD10Code’, a hierar-
chical categorical feature with thousands of unique values
that could capture disease types and severity, were not
incorporated. Second, during data processing, extreme
(invalid) outliers and real outliers are diminished in the
first and last intervals. However, some real outliers may be
powerful indicators of severe disease. Third, the perfor-
mances of predictions for ternary LOS and DD may not
be optimal. Fourth, our models make predictions at fixed
time points (10, 60 and 120 min post-triage), which may
limit their flexibility. Predictions at any time during the
ED stay could potentially improve adaptability and preci-
sion. Finally, subgroup analyses related to age, ethnicity
and specific diagnosis have not been conducted yet.
These limitations present opportunities for further explo-
ration in future research.

CONCLUSION

In conclusion, our study has developed 12 interpretable
ML models for predicting binary and ternary LOS and
DD at 10, 60 and 120-minute time points post-triage.
Furthermore, we have demonstrated a transparent data
analysis framework, designed to be readily adapted by
other institutions seeking to develop their own interpre-
table ML models.
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