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Abstract
Length of Stay (LoS) for in-hospital patients is a relevant indicator of efficiency in health-
care. Moreover, it is often related to the occurrence of hospital-acquired complications.
In this work, we aim to explore time-to-event analysis for modelling LoS. We employed
competing risk models (CR), as we considered two mutually exclusive outcomes: favor-
able discharge and deterioration. The explanatory variables included the patient’s sex,
age, and longitudinal vital signs collected from a dataset comprising N = 19, 602 admis-
sions. To address sparse measurements, we transformed longitudinal vital signs into
cross-sectional statistics. Our approach involves data pre-processing, imputation of miss-
ing data, and variable selection. We proposed four types of CR models: Cause-specific
Cox, Sub-distribution hazard, and two variants of Random Survival Forests, with both
generalised Log-Rank test (cause-specific hazard estimates) and Gray’s test (cumu-
lative incidences estimations) as node splitting rules. Performance in LoS CR models
was evaluated over a time frame from 2 to 15 days. Additionally, we considered base-
lines with two well-established clinical early warning scores the National Early Warning
Score (NEWS) and the Modified Early Warning Score (MEWS). The best model was
Random Survival Forest using Gray’s test split, with Integrated Brier Score[×100] of
0.386, C-Index above 99%, and Brier Score below 0.006, along the entire time frame.
Employing cross-sectional statistics derived from vital signs, along with rigorous data
pre-processing, outperformed the degree of correctness of modelling LoS, compared to
NEWS and MEWS.
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Introduction
In the context of hospitalisation, Length of Stay (LoS) denotes the time that each patient
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spends from admission to their endpoint. Consequently, LoS is widely used to assess the effi-
ciency and sustainability of healthcare [1–3]: Unnecessarily long stays may lead to increased
hospital-acquired complications (e.g., healthcare-associated infections, falls, medication
errors or delirium) and high costs [4]. LoS serves as a suitable indicator of efficiency in
resource management: e.g. bed capacity, staffing, equipment, medication usage or patient
turnover rates [5]. Furthermore, LoS is important for evaluating hospital quality, productivity,
and overall performance [6]. Characterising which source of demographic and clinical infor-
mation best explains LoS can contribute to improving resource planning, capacity manage-
ment, and staff optimisation, resulting in increased patient access, enhanced safety, reduced
healthcare costs, and most efficient resource utilisation [7].

Estimations of LoS by human experts (the prevailing standard of care) entail reliability
issues: omission of the patients’ background information [8], the accuracy of predictions
depending on physicians’ expertise, and other issues such as treatment complications that
prolong LoS [9]. This has motivated research on the use of automatic tools to assess LoS [7,
10].

Various statistical regression techniques have been employed to model LoS in differ-
ent medical contexts. [11] used gamma mixture regression in childbirth. [12] proposed
lognormal-based mixture models to fit LoS, applying them to data from medical and surgical
intensive care units (ICUs). [13] recommended mixed-exponential and phase-type distribu-
tions for stroke-related patients LoS. [14] used multiple linear regression (MLR) for the pre-
diction of LoS in pediatric emergency department (ED) patients, whereas [15] applied MLR
for in-hospital patients’ LoS.

Machine learning (ML)-based regression techniques have also been applied to model and
predict LoS. In [16], twenty-nine ML algorithms were trained to predict LoS in patients who
underwent craniotomy for brain tumors. In [7], characteristics of individuals in in-patient
departments served as inputs for various regression models, including MLR, K-Nearest
neighbors, decision trees (DTs), random forest (RF), artificial neural networks (ANNs), and
eXtreme gradient boosting (XGBoost).

Several studies have also proposed ML-classification techniques: First, they binned LoS
(most of them dividing it into two categories short-term vs long-term categories); subse-
quently, using ML-based binary prediction. [17] analysed LoS for ICU patients following car-
diac surgery via logistic regression. [18] modelled LoS for surgical patients, comparing Sup-
port Vector Machine (SVM), MLR, and ANNs. [19] applied a stacked-ensemble method for
diabetic patients. Other studies, such as [20], binned LoS into three categories for cardiac
patients, and applied RF, ANN, SVM, and Bayesian Networks for prediction; [21] binned LoS
into five groups, using SVM, deep neural networks, RF, XGBoost, and DTs for prediction in
an ED.

Survival analysis has also been proposed to analyse LoS, although to a lesser extent. [22]
proposed Cox proportional hazards and parametric models for LoS in an inpatient unit. [23]
modelled LoS for patients with burns, using a competing risk cause-specific hazard model,
with two possible endpoints: decease and discharge. [24] used competing risk-accelerated
failure time for ED patients, with three possible endpoints: discharge, admission, and decease.

Regarding the input data, authors often incorporated covariates. The most frequently used
are demographics (e.g., sex, age), medical attributes (e.g., comorbidities, diagnosis, severity,
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laboratory information, medical tests, triage level, diseases, acuity), and healthcare charac-
teristics (e.g., ward round notes, in-hospital procedures, hospital admission). Other less fre-
quent covariates are social (e.g., marital status) and socioeconomic information (e.g., insur-
ance details). Nevertheless, only a limited number of studies use vital signs in modelling LoS.
These data, commonly housed within Electronic Health Records (EHRs), play an important
role in the development of Early Warning Systems (EWS), which are designed to identify and
assess clinical deterioration in patients [25–30].

Out of the ICU, vital signs tend to be recorded with low frequency (often once every 8 to
24 hours) and at irregular time intervals. Moreover, interventions provided to patients and
manual assessment of certain variables contribute to the complexity of recording vital signs
[27,31].

Some studies, such as [32], have shown that the time between vital signs monitoring in
patients with lower emergency severity index values was increased. Additionally, missing
recordings can sometimes be attributed to random issues, such as data entry errors or occa-
sional lapses in recording [33].

These issues pose a major modeling challenge when using longitudinal measurements as
covariates. To address this challenge, a commonly successful strategy is to analyze trends and
calculate cross-sectional statistics from the longitudinal data. This approach simplifies the
data by converting longitudinal measurements into a form that is easier to analyze in models
that do not inherently handle longitudinal data, as suggested by [25–27,29,31,34].

This article aims to present a workflow for modelling LoS as a function of vital signs. The
proposed steps are: First, to calculate cross-sectional statistics from longitudinal vital signs.
Second, stratify the data into random partitions. Third, impute missing data and apply vari-
able selection techniques to avoid potential collinearity between covariates. Fourth, use com-
peting risks (CR) in LoS analysis. Finally, to analyse the contribution of different covariates to
aid clinical interpretation. This approach, to the best of our knowledge, has not been yet used
with vital sign cross-sectional statistics as covariates, in conjunction with the proposed data
pre-processing.

The remainder of the paper is organised as follows: The “Materials and methods” section
describes the data pre-processing and the models proposed for missing data imputation, vari-
able selection, and competing risks; “Results” provides a statistical description of the data and
details the models’ performance; whereas “Discussion” highlights the main results, strengths,
and limitations of this work. Finally, “Conclusions” summarises the main results and contri-
butions.

Materials and methods
Study design
A retrospective observational cohort study was conducted at the Galdakao-Usansolo Univer-
sity Hospital (GUUH), a tertiary hospital in Bizkaia (Basque Country, Spain). As an inclusion
criterion, we collected the pseudonymized EHRs of all hospitalisation episodes with admis-
sion dates in the year 2019, for stays lasting at least 24 hours of duration. An episode refers to
a continuous period during which a patient is admitted to and receives care in a hospital. It
begins with the patient’s admission and ends when they reach any of the possible endpoints
(e.g. favourable discharge).

Each hospitalisation episode had only one of two possible endpoints: either a favourable
discharge (i.e. without complications), or a deterioration endpoint. Following the care prac-
tices at GUUH, deterioration is a composite outcome that includes non-pre-scheduled (≥
12h) stays in either ICU, respiratory ICU, the stroke unit, or in-hospital death.
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Aligned with the practical interests of GUUH clinicians, the endpoint corresponding to a
certain episode is defined as the event that takes place first: either a favorable discharge from
the hospital, or any circumstance of deterioration (ICU admission, death, etc. as defined by
our clinical team’s criteria). Note that these two endpoints are collectively exhaustive –i.e. its
union equals the space of all possible events–, as well as mutually exclusive: we only consider
the first event to occur, no further information is considered afterwards: e.g. for our analyses,
for an episode in which the patient spent time in a non-prescheduled ICU stay, it is irrele-
vant for us here an eventual favourable discharge or a decease, since only the first chronolog-
ical endpoint is studied. This ensures no overlap between episode endpoints, hence mutually
exclusive. We also acknowledge that this is, to some extent, an ‘ad hoc’ criterion, as different
studies may use alternative definitions based on their specific contexts or datasets.

Noteworthy, in the uncommon circumstance that a patient should be re-admitted within
the first 48 hours immediately after a favorable discharge from a previous episode of his/hers,
then our clinicians instructed that -according to the GUUH hospital protocols-, the second
episode should be considered a prolongation of the first one, and thus both merged. Con-
sequently, then the resulting endpoint was that corresponding to the latter sub-episode. No
cases of third or extra re-admissions took place. For periods beyond 48 hours, episodes were
deemed isolated and independent.

At the moment of the retrospective extraction of EHRs (date: 2022-03-28), all hospital-
isations under consideration had already finished. With this retrospective data collection,
we encountered that all episodes had already reached their natural endpoints. As a result,
there was no right-censoring in the data, which tends to occur when a patient’s event status
is unknown beyond a certain time point, typically due to the end of the study end or a loss
of follow-up. Remarkably, since all hospitalisations in our dataset had been fully observed
and reached its completion before data extraction, for every episode we could unambiguously
determine its definitive outcome/endpoint, leaving no incomplete or censored records.

Data description
Our dataset contains detailed information on the patient’s sex, age, and seven vital signs: body
temperature, systolic and diastolic blood pressure (BP), heart rate, respiratory rate, periph-
eral oxygen saturation (SpO2), and level of consciousness. At GUUH, the current practice
for recording the level of consciousness is to use an in-house variation of the standard AVPU
scale [35], as follows: Level I for ‘Alert’, level II for both AVPU’s ‘Voice’ and ‘Pain’, and level III
for ‘Unresponsive’. Whenever data about consciousness was absent, we used a new ‘Missing’
tag.

Data pre-processing
Our clinical team established physiologically feasible ranges for each vital sign, detailed in
the supplementary materials: Table A in S.A Data (S1 Appendix). Measurements out of range
were marked as missing, assuming they were measurement or transcription error.

Vital signs data were structured using the ricu R package [36]. We aggregated measure-
ments per hourly intervals; and if multiple measurements were originally recorded within the
same hour, we summarised them by their median.

Let us consider the i-th hospitalisation episode, out of a total of N in our dataset. Let ni be
the number of time points at which vital sign x was recorded in that i-th episode. For mea-
surements xi = {xi1, xi2,… , xini} at times ti = {ti1, ti2,… , tini}, the cross-sectional statistics pro-
posed are described in Table 1.
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Table 1. Proposed cross-sectional statistics for vital signs longitudinal measurements.
Name Formula Remark
Mean xi = 1

ni
∑ni

j=1 xij Used in [27,31,34]
Maximum maxi =max(xi1, x

i
2,… , xini) Used in [25–27,29,31]

Minimum mini =min(xi1, x
i
2,… , xini) Used in [25–27,29,31]

First observation firsti = xi1 Used in [26,29]
Last observation lasti = xini Used in [25,26,29]
Standard deviation SDi = 1

ni–1
∑ni

j=1(xij – x
i)2 Used in [27,31,34]

Interquartile range IQRi =Q3 –Q1 Q1 and Q3 used in [34]

Coefficient of variation CVi = SDi

∣xi ∣ —

Average percentage change APCi = 1
ni–1

∑ni
j=2

xij–x
i
j–1

xij–1
Average change in the current value with respect to the previous, nor-
malised by the previous. The numerator is also known as ‘delta’ change
and used in [27]

Average change per time unit ACPTUi = 1
ni–1

∑ni
j=2

xij–x
i
j–1

tij–t
i
j–1

Average of the change in the current value from the previous, divided
by the difference of follow up times. It is also known as average slope,
and used in [27,31]

https://doi.org/10.1371/journal.pone.0322101.t001

Fig 1A illustrates the proposed workflow to calculate the cross-sectional statistics from a
single longitudinal vital sign. This procedure was applied analogously for the rest of them, and
stored in the same dataset. The use of cross-sectional statistics is motivated by the sparseness
of the longitudinal vital signs and is a widely used methodology when modelling this type of
data, as described in the introduction.

Fig 1B describes the random training-validation-test partition, proposed for modelling and
evaluation.

Fig 1. Vital signs - From longitudinal measurements to cross-sectional statistics. Top (A): Statistics calculated for vital sign x. Bottom (B): Data
splitting for model evaluation.

https://doi.org/10.1371/journal.pone.0322101.g001
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In some episodes, certain vital signs were never measured (i.e. ni = 0). Note that in this
case, we assigned missing values to all cross-sectional statistics. Additionally, when only a
single measurement was taken during the entire stay (i.e. ni = 1), the variability-related statis-
tics (SD, IQR, CV, APC, and ACPTU) were assigned zero values. Regarding the level of con-
sciousness, we opted for collecting only the last observation. The discrete nature of this vari-
able did not allow us to compute other statistics, such as mean or variance. Besides, in most
episodes consciousness was reported at most only once, which does not generate true longitu-
dinal data, so we described the behavior of this vital sign with just one statistic. The primary
motivation for retaining this vital sign is its widespread use in clinically well-established in-
hospital deterioration indices, such as the National Early Warning Score (NEWS) [37] and the
Modified Early Warning Score (MEWS) [38].

To cope with missing values in the cross-sectional dataset, we studied five different impu-
tation strategies [39], and outlined in Fig 2. The following methods were evaluated: i) mean,
ii) median, iii) multiple imputation by chained equations (MICE) with predictive mean
matching (PMM) [40], iv) Bayesian principal components analysis (BPCA) [41], and v) non-
linear estimation by iterative partial least squares (NIPALS) [42]. To determine the most suit-
able imputation strategy, we trained them on the ‘train [inner]’ subset (Fig 1B), and evaluated
their performances on the validation subset. We accounted for both the normalised root mean
squared error (NRMSE) and the normalised mean absolute error (NMAE), defined as follows:

NRMSE =
√
𝔼[( ̂y–y)2]
SD(y)

, NMAE = 𝔼[| ̂y – y|]
SD(y)

, (1)

where ̂y is the imputed value and y is the real groud-truth value (removed artificially - see
Fig 2C).

Fig 2. Methodology for evaluating missing data imputation strategies.

https://doi.org/10.1371/journal.pone.0322101.g002
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Given that using cross-sectional statistics for vital signs entails generating a considerable
number of covariates, potentially with noticeable inter-correlations, we deemed it necessary to
perform a subsequent stage of variable selection. Exclusively for this variable selection stage,
and following a Cause-Specific Cox (CSC) methodology [43], we estimated an auxiliary Cox
Proportional Hazards (Cox-PH) model for episodes of one endpoint, treating episodes of the
other endpoint as censored. This methodological approach is inherent to CSC and does not
imply that the data are actually censored in the general sense; instead, episodes are artificially
censored as already described, for the sole purpose of Cox-PH.

Then, Cox-PH was evaluated for variable selection using: i) Best Subset Selection (BeSS)
[44], and ii) LASSO Regularised Cox Regression techniques [45]. Note that, whereas BeSS
does not involve any hyperparameter choice, LASSO requires tuning its regularisation
strength 𝜆, which we did via 10-fold cross-validation.

During this procedure, for each strategy (either BeSS or LASSO), we generated two time-
to-event regularised Cox-PH for variable selection, fitted on the ‘train [outer]’ (Fig 1B) set:

(a) One focused on the time-to-event for favourably discharged episodes, with deteriora-
tion episodes taken as censored data – yielding a selection set sFav; and

(b) another focused on deterioration episodes, with favourable discharges censored – which
yielded sDet.

Thus, the final set of selected variables was the union of both s = sFav ∪ sDet.

Competing risk models
As we considered two mutually exclusive endpoints, competing risk models (CR) are a suit-
able technique to study time-to-event outcomes, LoS here.

Linear models. In CSC, hazard 𝜆(⋅) reflects the instantaneous rate of occurrence for the
k-th endpoint, in episodes that were currently endpoint-free. Let D be the type of endpoint.
Then the cause-specific hazard function for endpoint k, given the covariate vector x is [46]:

𝜆CSCk (t|x) = lim
Δt→0

P (t≤ T < t +Δt,D = k|T≥ t, x)
Δt , (2)

where T is the random variable “time until the occurrence of the endpoint of interest”, t∈
[0,∞), and in our scenario k∈ {Favourable discharge, Deterioration}.

Under the sub-distribution hazard approach, also known as Fine and Gray (FG), the haz-
ard 𝜆(⋅) for endpoint k given the covariate vector x is [47]:

𝜆FGk (t|x) = lim
Δt→0

P (t≤ T < t +Δt,D = k|T > t ∪ (T < t ∩D ≠ k), x)
Δt . (3)

The regression model that relates the hazard functions (either 𝜆CSCk or 𝜆FGk ) to a set of
covariates, can be written as [43]:

𝜆k(t|x) = 𝜆0(t) exp (x𝛽), (4)

where 𝜆0(t) denotes the baseline hazard function (i.e. the hazard function for a subject whose
covariates are all set equal to zero) [43]. For FG model, 𝜆0(t) is a completely unspecified,
non-negative function in t [47].
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Note that the risk sets in each model (2) and (3) differ: CSC considers only episodes cur-
rently endpoint-free, whereas FG incorporates also those that previously experienced a com-
peting endpoint. Additionally, CSC estimates the effect of covariates on the cause-specific
hazard function, whereas FG estimates their effect on the Cumulative Incidence Function
(CIF) [43]. The CIFk(t) = P(T≤ t,D = k) reflects the probability of experiencing the k-th end-
point before time t, and before any different type of endpoint. The episode-specific CIF is
denoted as Fk(t|x) = P(T≤ t,D = k|x). Given an episode with covariate vector xi, its empirical
CIF is represented by F̂k(t|xi) [46].

Ensemble learning. Within the Random Forest ensemble learning paradigm, Random
Survival Forests (RSF) have been proposed for analyzing competing risks [46]. In RSF, each of
the B trees in the forest gets trained on a bootstrap sample from the original dataset. Building
a tree consists in generating a hierarchy of meaningful decisions; from a root node, through
intermediate branches, until terminal nodes (leaves). Splits are in the form: either z≤ c or z>c,
where z is an explanatory variable in x, and c is the splitting threshold. For each node, a total
ofM≤ p candidates variables get considered, where p is the dimensionality of our covariate
vector x∈ℝp, and typicallyM≪ p to promote variance in the ensemble learning strategy.

In the context of CR, when judging a candidate variable z and a threshold c, two possible
dissimilarity criteria are considered:

A. Generalised log-rank test (LR) – To reject the null hypothesis of equality of cause-
specific hazards in the left (l) and right (r) sub-populations after the node split H0,k ∶
𝜆CSCk,l (t) = 𝜆CSCk,r (t).

B. Gray’s test (GT) – To reject the null hypothesis of equality of cumulative incidences
functions H0,k ∶ Fk,l(t) = Fk,r(t).

Consequently, at a certain branching node, the splitting variable z and threshold c are chosen
by maximising greedily the specified dissimilarity criterion (LR or GT).

Each tree branch grows until the terminal condition is met: a leaf node should have no less
than n0 unique cases. Hence, one often considers three main RSF hyperparameters: B,M, and
n0. Here we fixed B = 100 trees, whereas we tunedM and n0 attending to out-of-bag (OOB)
errors [46].

Model constraints and assumptions. A complete understanding of CR dynamics
requires careful analysis, including the application of two linear models: CSC and FG, along
with recommendations for rigorous implementation [48]:

i. Using a distinct terminology for each model of the hazard ratio, for cause-specific Cox
model and for Fine and Gray model.

ii. Reporting all the CSC and FG coefficients.
iii. Presenting the results in a unified interpretation to connect and reconcile results from

the two sets of models.
iv. Checking the proportional hazard assumption, which ensures that the effect of covari-

ates on the hazard is consistent over time, for both CSC and FG models.
v. Providing plots of cumulative incidences for all categorical variables.

In this article, the proportional hazards assumption, which ensures that the effect of covari-
ates on the hazard remains consistent over time, was evaluated using Schoenfeld residuals
[49]. In contrast, ensemble learning models do not require validation of this assumption.
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Baseline approaches
To establish meaningful performance baselines, we propose the following approaches:

A. To model LoS without covariates, applying each of the four CR models described above
- Null baseline. For a given cause k, the hazard under the null model
is:

𝜆k(t|x) = 𝜆0(t), (5)

which does not depend on covariates x. The baseline 𝜆0(t) can be estimated using vari-
ous approaches. For instance, it can be assumed constant, implying an underlying expo-
nential distribution; alternatively, it can be estimated using parametric distributions or
likelihood-based estimators [50].

B. To model LoS with sex, age, and one clinical EWS score:
B.1. We opted for NEWS, as well as MEWS, given their widespread use within clinical

contexts [51].
B.2. We computed these scores using the last vital sign observation recorded within

each episode.
B.3. With those inputs, we used the four CR model described above.
Calculating the NEWS score required a binary variable, ‘on supplemental oxygen (yes
or no).’ This variable is not included in our proposed CR modelling. However, it will
be described alongside other vital signs. For missing values of this variable, our clini-
cal team established that a value of 0 should be assumed, disregarding any supplemental
oxygen usage when no value was recorded.

Performance in competing risks
Here we evaluated CR model performance attending to four magnitudes: i) Brier score (BS),
ii) Integrated Brier score (IBS), iii) Concordance index (C-Index), and iv) Cumulative C-
Index (CC-Index).

For an endpoint of type k, BSk is the average squared difference between the true event
status and the estimated risk [52]:

BSk(t) = 𝔼 [{I(T < t,D = k) – F̂k(t|x)}2] , (6)

where I(T < t,D = k) is the indicator function for event status, and F̂k(t|x) is the estimated
CIF.

Then, IBS corresponds to its integral along time:

IBSk(t) =∫
t

0
BSk(𝜏)d𝜏. (7)

On the other hand, for an endpoint of type k, C-index estimates the probability that, given
a random pair of episodes, the one that experienced the event first has a higher predicted
outcome than the other episode [53]:

Ck(t) = P (Fk(t|x) > Fk(t|x) | (Di = k ∩ ( Ti < Tj ∪ Dj ≠ k))) , j = 1,… ,n, (8)

where Ti and Tj are the times-to-endpoint for episodes i ≠ j.
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Since we computed the C-Index atm∈ℕ discrete evaluation times {t1, t2,… , tm}, here we
defined an ad hoc cumulative CC-Index:

CCk(m) =
m
∑
i=1

Ck(ti). (9)

It is important to exercise caution when using the CC-Index, as it has limitations. This
metric is only applicable when comparing the performance of models evaluated at identical
time points. To compare models across different evaluation periods, an alternative approach
may be more appropriate. One such option is the average C-Index, where the CC-Index is
used as the numerator and constantm serves as the denominator.

In this work, we evaluate model performance over a time frame of 14 days for all models
(i.e.m = 14). The specific lengths of stay range from 2 to 15 days of hospitalisation.

Results
Study cohort
A total of 22,512 episodes were recorded, among which N=19,602 (87.07%) met the inclu-
sion criteria. According to our clinical definitions, 18,750 episodes (95.65%) were favourably
discharged, whereas 852 (4.35%) experienced deterioration. Table 2 describes the main char-
acteristics of our cohort.

The distribution of LoS, by endpoint, and by sex, is visualised in Fig 3. For favorable dis-
charges, the median LoS (25th – 75th percentiles) was 3.78 (1.94 - 6.39) days for females; for
males, the median was 3.75 (1.99 - 6.37) days. For deterioration, the median LoS was 6.29
(2.91 - 11.75) days for females; for males, the median was 6.84 (3.49 - 13.49) days.

Table 2. Descriptive of our cohort. For categorical variables: counts of cases (percentage). For numerical: median (25th – 75th percentiles).
Variable/Categories Total episodes Favourable discharge Deterioration

N=19,602 NF=18,750 (95.65%) ND=852 (4.35%) *p-value **Effect size
Sex Male 10,940 (55.81%) 10,433 (55.64%) 507 (59.51%) 0.028 0.01 – Tiny

Female 8,662 (44.19%) 8,317 (44.36%) 345 (40.49%)
Age [years] 70.06 (55.80 – 81.10) 69.62 (55.26 – 80.64) 79.03 (69.03 – 86.82) ≪ 0.001 0.35 – Large
Body temperature [ºC] (Mean in episode) 36.57 (36.37 – 36.75) 36.57 (36.37 – 36.75) 36.70 (36.42 – 37.03) ≪ 0.001 0.23 – Medium
Systolic BP [mmHg] (Mean in episode) 125.67 (114.40 – 138.50) 126.00 (114.78 –

138.75)
118.17 (105.83 –
131.64)

≪ 0.001 0.24 – Medium

Diastolic BP [mmHg] (Mean in episode) 72.18 (67.00 – 77.78) 72.29 (67.10 – 77.80) 69.33 (63.03 – 76.65) ≪ 0.001 0.17 – Small
Heart rate [beats/min] (Mean in episode) 75.00 (66.73 – 84.12) 74.60 (66.50 – 83.45) 88.17 (77.67 – 98.14) ≪ 0.001 0.47 – Very large
Respiratory rate [breaths/min] (Mean in episode) 18.00 (16.00 – 20.00) 18.00 (16.00 – 19.98) 20.00 (17.87 – 23.00) ≪ 0.001 0.36 – Large
Oxygen saturation SpO2 [%] (Mean in episode) 96.00 (94.82 – 97.23) 96.10 (94.96 – 97.25) 94.50 (92.54 – 96.00) ≪ 0.001 0.45 – Very large
Level of consciousness (Last in
episode)

Level I 6,932 (35.36%) 6,752 (36.01%) 180 (21.13%) ≪ 0.001 0.24 – Medium
Level II 208 (1.06%) 145 (0.77%) 63 (7.39%)
Level III 67 (0.34)% 18 (0.10%) 49 (5.75%)
Missing 12,395 (63.24%) 11,835 (63.12%) 560 (65.73%)

Supplementary oxygen Yes 2,915 (14.87%) 2,400 (12.80%) 515 (60.44%) ≪ 0.001 0.27 – Medium
No 14,409 (73.51%) 14,151 (75.47%) 258 (30.28%)
Missing 2,278 (11.62%) 2,199 (11.73%) 79 (9.28%)

LoS [days] 3.82 (1.98 – 6.66) 3.76 (1.97 – 6.38) 6.66 (3.24 – 12.65) ≪ 0.001 0.34 – Large
*p-value for Mann–Whitney U test for numerical variables, Chi-square test for categorical.
**Rank-biserial correlation for numerical variables, Cramer’s V for categorical. Interpretation as in [54].

https://doi.org/10.1371/journal.pone.0322101.t002
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Fig 3. Distribution of LoS, by endpoint and by sex. Note that the Y-axis is on a logarithmic scale, and that the
widths of the boxplots reflect the discrepancy in the number of episodes for each endpoint.

https://doi.org/10.1371/journal.pone.0322101.g003

We conducted Mann-Whitney U tests to evaluate differences in LoS between males and
females for both favorable discharge and deterioration outcomes. For favorable discharge, the
test revealed no significant difference in LoS between males and females (W = 43, 827, 607;
p = 0.23), with an effect size r = 0.01, indicating a tiny effect [54]. For deterioration, the test
showed a significant difference in LoS between the sexes (W = 94, 406; p = 0.048), with an
effect size r = 0.01, which also reflects a tiny effect.

Imputation and variable selection
Table 3 reflects the missing rates before and after converting longitudinal data into cross-
sectional statistics. Even though each vital sign generates 10 different statistics, their missing
rate is constant across those ten (i.e. within each vital sign), as reported in Table 3. As can be
seen, even after cross-sectional transformation, the respiratory rate continues to have a high
rate of missing data.

Table 4 summarises the performances – in terms of NRMSE and NMAE – by each imputa-
tion strategy. MICE outperformed all other techniques, both in NRMSE and NMAE.

Variable selection results are detailed in Fig 4. Most of the statistics for respiratory rate
were discarded. Whereas the minimum was never excluded, the mean was discarded in the
majority of vital signs. The level of agreement between BeSS and LASSO is moderate. Gen-
erally, they did not discard the same statistics across vital signs. In terms of the number of

Table 3. Missing rates for vital signs.
Vital sign Longitudinal Cross-sectional
Body temperature 30.82% 0.07%
Systolic BP 44.55% 0.04%
Diastolic BP 44.50% 0.04%
Heart rate 43.40% 0.04%
Respiratory rate 96.31% 87.01%
Oxygen saturation SpO2 55.38% 5.45%
Level of consciousness 92.91% 63.24%

https://doi.org/10.1371/journal.pone.0322101.t003

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 11/ 25

https://doi.org/10.1371/journal.pone.0322101.g003
https://doi.org/10.1371/journal.pone.0322101.t003
https://doi.org/10.1371/journal.pone.0322101


ID: pone.0322101 — 2025/8/22 — page 12 — #12

PLOS One Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis

Table 4. Performance by each imputation method, NRMSE↓ and NMAE↓ – Mean and standard deviation (SD).
In bold, the best performances, i.e. the lowest errors.
Method NRMSE↓ NMAE↓

Mean ± SD Mean ± SD
Mean 0.172 ± 0.329 0.100 ± 0.227
Median 0.175 ± 0.335 0.099 ± 0.224
MICE 0.138 ± 0.290 0.083 ± 0.192
BPCA 3.886 ± 1.532 2.832 ± 1.095
NIPALS 0.420 ± 0.233 0.306 ± 0.171

https://doi.org/10.1371/journal.pone.0322101.t004

Fig 4. Results for variable selection – BeSS vs LASSO.

https://doi.org/10.1371/journal.pone.0322101.g004

discards, BeSS and LASSO exhibit high similarity, with BeSS discarding a total of 14 statistics
whereas LASSO discarded 12.

Competing risk modelling
Performance. Table 5 shows the different performances, in terms of IBS. It illustrates that

models employing the full set of variables exhibit a superior performance for favourable dis-
charge. For deterioration, FG and GT-RSF models showed the highest performance with the
full set, whereas CSC performed best with BeSS, and LR-RSF prevailed with LASSO.

Fig 5 illustrates the BS results for those pairs CR model - variable set highlighted in Table 5.
For favourable discharge (Fig 5A, GT-RSF-Full and LR-RSF-Full performed the best, with BS
below 0.04 throughout the entire time window. On the other hand, Fig 5B shows that the best
set-up for deterioration was GT-RSF-Full, with BS values below 0.006.

The CC-Index over the time window is shown in Table 6. It illustrates that favourable dis-
charge exhibits superior performance when models use the full set of variables, except in
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Table 5. IBS↓[×100]. In bold, the set-up with the highest overall performance by endpoint. In italics, the best
scenario for each type of CR model.

Favourable discharge Deterioration
CSC FG LR-RSF GT-RSF CSC FG LR-RSF GT-RSF

Null 16.394 16.394 16.394 16.394 2.199 2.199 2.199 2.199
NEWS 15.753 15.793 15.726 15.723 1.964 1.964 1.979 1.997
MEWS 15.532 15.54 19.305 15.549 1.911 1.919 1.909 1.935
BeSS 8.018 8.966 9.549 9.319 1.709 1.750 1.902 1.902
LASSO 8.010 8.963 9.590 9.356 1.711 1.749 1.588 1.896
Full 7.996 8.946 2.086 2.069 1.714 1.731 2.164 0.386

https://doi.org/10.1371/journal.pone.0322101.t005

Fig 5. BS↓ performance for the best case for each type of CR model. Y-axis in logarithmic scale.

https://doi.org/10.1371/journal.pone.0322101.g005

Table 6. CC-Index↑. In bold, the set-up with the highest overall performance by endpoint. In italics, the best
scenario for each type of CR model.

Favourable discharge Deterioration
CSC FG LR-RSF GT-RSF CSC FG LR-RSF GT-RSF

Null 7.000 7.000 7.000 7.000 7.000 7.000 7.000 7.000
NEWS 8.299 8.295 8.256 8.234 11.975 11.984 11.867 11.863
MEWS 8.328 8.331 7.586 8.277 11.759 11.784 11.837 11.803
BeSS 11.613 11.857 11.304 11.519 12.422 12.374 12.408 11.652
LASSO 11.604 11.850 11.507 11.581 12.423 12.349 12.408 11.652
Full 11.611 11.864 11.640 11.674 12.369 12.343 12.475 13.929

https://doi.org/10.1371/journal.pone.0322101.t006

CSC. For deterioration, ensemble models showed the highest performance with the full set of
variables, whereas CSC model performed best with LASSO, and FG prevailed with BeSS.

Fig 6 illustrates the C-Index results for the pairs of CR model and variable set highlighted
in Table 6. Fig 6A shows that models GT-RSF-Full and LR-RSF-Full achieved the best per-
formance for favourable discharge, from day 2 until day 7. However, from day 8 onwards, the
FG-Full model demonstrated the highest performance. On the other hand, Fig 6B shows that,
for deterioration, the best performance was achieved by the GT-RSF-Full model.

Another widely used performance metric is the time-dependent Area Under the Receiver
Operating Characteristic Curve (time-dep AUC) [55]. Following the same approach as with

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 13/ 25

https://doi.org/10.1371/journal.pone.0322101.t005
https://doi.org/10.1371/journal.pone.0322101.g005
https://doi.org/10.1371/journal.pone.0322101.t006
https://doi.org/10.1371/journal.pone.0322101


ID: pone.0322101 — 2025/8/22 — page 14 — #14

PLOS One Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis

Fig 6. C-Index↑ performance for the best case for each type of CR model.

https://doi.org/10.1371/journal.pone.0322101.g006

BS and C-Index, time-dep AUC results are presented in the Supplementary Materials (S8 Fig),
allowing further confirmation of the effectiveness of our modeling approach.

Ensemble learning – Findings. Each ensemble model was subjected to a comprehensive
tuning process aimed at identifying the optimal hyperparameters. The specific hyperparame-
ter values selected for each model, along with the detailed configuration settings, are reported
in the supplementary materials, Appendix C, Table D.

To evaluate the contribution by each covariate in explaining LoS, we computed variable
importance (VImp) using the method proposed by [56], which involves random permutations
of variables and out-of-bag (OOB) performance. We applied this method with the best model
available, i.e. GT-RSF-Full, allowing us to rank the covariates according to VImp. Fig 7 depicts
the top ten magnitudes for favourable endpoint in LoS (left), and deterioration (right). The
cross-sectional statistics with the highest importance were ‘max’ and ‘last’ for deterioration,
and ‘max’ for favourable discharge. Among the vital signs, body temperature, and saturation
frequently appeared in the top-ten VImp.

VImp was also calculated for LR–RSF-Full (see supplementary materials: Appendix S.B,
S1 Fig). For this model, the cross-sectional statistics with the highest importance were ’max’
and ’min’ for both deterioration and favorable discharge. Regarding vital signs, body tem-
perature had the highest importance for favorable discharge, followed by diastolic BP. For
deterioration, the most important vital signs were diastolic BP, followed by temperature. The
most frequently appearing vital signs in the top ten VImp were saturation and temperature for
favorable discharge and deterioration, respectively.

The similarities between VImp for GT-RSF-Full and LR-RSF-Full reveal useful insights. For
favorable discharge, the maximum body temperature emerges as the most important covari-
ate, showing a notable difference with respect to the others. Additionally, nine out of the ten
most important covariates for favorable discharge remain consistent between the two mod-
els, although their order differs. For deterioration, three of the ten most important covariates
are shared between GT-RSF-Full and LR-RSF-Full, with the maximum value being the most
important statistic in both.
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Fig 7. Boxplot of the top ten highest VImp[×100] for GT-RSF-Full. Left: Favourable discharge, right: Deterioration.

https://doi.org/10.1371/journal.pone.0322101.g007

Conversely, there are some dissimilarities between the two models. In GT-RSF-Full for
favorable discharge, the ACPTU of heart rate is included in the top ten covariates, whereas it
is absent in LR-RSF-Full. Instead, the CV of SpO2 appears in LR-RSF-Full’s top ten. For dete-
rioration, only the minimum heart rate, maximum saturation, and the last value of systolic
BP remain among the top ten covariates, indicating that all other covariates differ between the
two models.

Linear models – Findings. We chose to describe CSC-Full and FG-Full models, which
demonstrated good overall performance and included the full set of variables. The recommen-
dations outlined by [48] were considered and applied in this article.

The estimated coefficients for CSC-Full and FG-Full are reported in the supplementary
materials. Table B in Appendix S.B reflects the estimated coefficients for CSC. As shown, the
largest coefficients (in absolute value) were related to CV statistic. For favourable discharge,
the largest coefficients (in absolute value) are related to CV of temperature and saturation,
whereas for deterioration, they are associated with the CV of temperature and heart rate.
However, for favourable discharge, the CV of temperature was high but not significant. As
shown in Table C of Appendix S.B, the FG model also indicates that the largest coefficients
(in absolute value) are associated with the CV statistic. For favourable discharge, the highest
coefficient is related to the CV of saturation, whereas for deterioration, it is the CV of tem-
perature. Other vital signs with significant coefficients for favourable discharge include con-
sciousness level III, saturation, and systolic BP. For deterioration, heart rate and systolic BP
exhibit the largest estimated coefficients.
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Following the methodology outlined by [49], we evaluated the proportional hazard
assumption by plotting Schoenfeld residuals against LoS for each covariate. According to
this assumption, the residuals should exhibit a constant mean over time. To assess this, we
included scatterplot smoothers for each covariate. All residual plots are provided in the sup-
plementary materials: Appendix S.B, S2 Fig for CSC-Full related to favourable discharge;
Appendix S.B, S3 Fig for FG-Full related to favourable discharge; Appendix S.B, S4 Fig for
CSC-Full related to deterioration; and Appendix S.B, S5 Fig for FG-Full related to deteriora-
tion.

For favourable discharge, both the CSC and FG models exhibit some similarities: IQR
shows a non-linear trend across all vital signs; consciousness levels II, III, and Missing (con-
scious_nm) also display non-linear effects; additionally, both sex and age variables present
non-linear effects in both models. However, there are some differences: in FG-Full model,
ACPTU shows a non-linear trend across all vital signs, whereas it does not in the CSC-Full
model; moreover, most statistics related to respiratory and heart rates also display non-linear
trends in FG-Full. Overall, the FG-Full model reveals more non-linear trends compared to
CSC-Full.

For deterioration, both the CSC and FG models show similarities to those observed for
favourable discharge: non-linear trend for IQR, consciousness levels II, III and Missing, sex
and age variables present non-linear effects in both models. However, there are differences:
in FG-Full model, ACPTU shows a non-linear trend across all vital signs, whereas it does not
in the CSC-Full model; most statistics related to systolic and diastolic BP display non-linear
trends in FG-Full. As for favourable discharge, the FG-Full model reveals more non-linear
trends compared to CSC-Full.

Finally, estimated CIF for sex and consciousness level (all categorical variables) are
depicted in supplementary materials: Appendix S.B, S6 Fig for sex and Appendix S.B, S7 Fig
for consciousness level. The CIFs are estimated using the Aalen-Johansen estimator [57].

Discussion
Main findings
In this study, we proposed a workflow to model the LoS of hospitalisation episodes at the
GUUH, using sex, age, and cross-sectional statistics of vital signs as covariates for linear and
ensemble CR models. We gathered EHR data from a mid-sized hospital for the year 2019.
We selected this year to avoid the profound alterations in clinical management caused by the
COVID-19 pandemic.

Our proposal presents a comprehensive, rigorous, and straightforward approach to
modelling LoS, including data pre-processing and time-to-event CR models. The data pre-
processing addressed the management of sparse measurements taken at irregular time points,
aiming to provide a clinically understandable transformation of data by summarising the
longitudinal vital signs into a set of cross-sectional statistics. This process also involved a
thorough comprehensive evaluation of methods to cope with missing data, using five dis-
tinct approaches: mean, median, MICE, BPCA, and NIPALS. We use NRMSE and NMAE to
determine which imputation strategy worked best here. Furthermore, we applied two well-
known variable selection algorithms: BeSS and LASSO to determine which covariates were
informative for LoS modelling and which were redundant, and therefore candidates for being
discarded.

For time-to-event modelling, we used CR models. Two linear ones: CSC and FG, as well as
one ensemble learning RSF-method. For RSF, two alternative splitting rules were explored: LR
(to maximize the difference in cause-specific hazards) and GT (to maximize the difference in
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CIFs). Furthermore, a comprehensive set of four performance metrics was used to evaluate
which CR set-up yields the best results: BS, ISB, C-Index, and CC-Index. Lastly, using (VImp)
we quantified the importance of the demographic information and the vital signs statistics, to
aid in the clinical interpretation of our best-performing method.

Our findings show that GT-RSF-Full notably outperformed all others. An interesting
agreement was observed between the CC-Index results and the IBS, confirming its superi-
ority over the other proposals. In general, the most informative statistics for this model were
maximum and last values, whereas the most important vital signs for this model were oxygen
saturation SpO2 and body temperature.

Our analysis revealed that SpO2 emerged as one of the most prominent vital signs. For
each endpoint, 40% of the top-ranked variables were derived from SpO2, representing the
highest proportion attributed to any single vital sign. However, SpO2 is the third most fre-
quently missing vital sign in both longitudinal and cross-sectional formats (see Table 3), with
a missing rate of 5.45% in the cross-sectional data. While this missing rate is relatively low
and manageable, especially in clinical datasets, we still addressed it using Multiple Imputation
by Chained Equation (MICE). Given the evidence that casewise deletion can lead to severely
biased and imprecise regression coefficients estimates [58,59], we believe that imputing miss-
ing values, rather than excluding incomplete cases, provides more accurate estimates. Fur-
thermore, MICE has been demonstrated to be effective in handling missing clinical data [60],
making it a preferable approach to restricting our analyses to complete cases. Moreover, the
Random Survival Forest (RSF) model consistently ranked aggregated forms of SpO2 among
the most important features for both discharge and deterioration outcomes. This suggests that
despite the missingness, when SpO2 data is available, it holds significant predictive value in
the RSF model.

Besides, GT-RSF-Full clearly outperforms those baselines routinely available on clinical
information (i.e. NEWS and MEWS scores) using the same CR techniques. This indicates
that the vital signs and pre-processing methods we suggested (conversion to cross-sectional
statistics and imputation) are capable of providing relevant information to better characterise
LoS.

The findings of our study highlight the crucial role of SpO2 and body temperature as the
most important predictors of patient deterioration. Previous research is in alignment with our
results: statistically significant differences in vital signs, including SpO2, heart rate, respiration
rate and systolic BP, have been reported between stable and unstable encounters, emphasizing
the necessity for careful monitoring in clinical settings [61]. Furthermore, the maximum and
ACPTU values of temperature, along with the minimum and ACPTU values of SpO2, within
24 hours prior to a deterioration event, were identified as significant indicators of clinical
instability [25].

Moreover, the evidence indicates that trends in vital signs can provide more accurate pre-
dictions than isolated measurements. For instance, the area under the ROC curve for the
trend values of minimum SpO2 was found to be superior to its last values in [27]. Addition-
ally, the deterioration of SpO2 was frequently linked to higher 30-day mortality rates, partic-
ularly in patients with chronic respiratory conditions, emphasizing its role as a vital indica-
tor of patient fragility [62]. This reinforces the need for integrating continuous monitoring
of SpO2 and body temperature into clinical practice to identify at-risk patients and intervene
proactively, ultimately improving patient outcomes as seen in [31].

The integration of CR models into healthcare practice has the potential to enhance the
management of patients’ LoS in hospitals. This should enable healthcare providers to make
more informed decisions regarding the allocation of resources, discharge planning and patient
flow management. The accurate modelling of LoS can facilitate the prioritisation of patients
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for early discharge or transfer to lower-acuity settings, thereby optimising bed utilisation and
reducing overcrowding. Furthermore, the understanding of LoS through CR models can assist
in identifying patients at risk of prolonged hospitalisation, enabling targeted interventions
to minimise complications and expedite recovery. This integration should ultimately sup-
port more efficient healthcare delivery, improved patient outcomes and enhanced operational
efficiency in hospital settings.

Incorporating vital sign cross-sectional statistics as covariates in our modelling approach
merits consideration. By summarising longitudinal vital signs into statistical descriptors, we
can gain potentially valuable insights into each episode’s main behavior and its impact on
LoS. Our finding that cross-sectional statistics enriches modelling is consistent with findings
from other studies: for example, [27] found that incorporating vital signs trends significantly
increased the accuracy of models designed to detect critical illness on the wards. Similarly,
[29] observed that summary statistics (such as minimum, maximum, first, and last values)
improved the real-time prediction of mortality for ICU patients compared to well-established
clinical scores. Besides, [31] demonstrated that employing summary statistics and appropriate
imputation methods can enhance model discrimination and reduce bias, although the clini-
cal relevance of these improvements remains uncertain. Notwithstanding these studies, chal-
lenges such as data pre-processing and the selection of appropriate statistics necessitate careful
consideration and further validation.

Data missingness is a major issue when working in clinical scenarios [60,63]. Most stud-
ies on LoS modelling consider only complete-case analyses: i.e. episodes with missing data are
excluded. Other works use mean-value [34,64] or median-value imputation [6,16]. Another
frequent imputation method is Last Observation Carried Forward (LOCF) [65,66], which
tends to be preferred by clinicians, due to its simplicity and practicality in real-world health-
care settings. However, none of these studies compared different imputation methods system-
atically. Thus, we deemed it imperative to conduct a comprehensive comparison of various
methods for statistical rigor: including multivariate techniques (MICE, BPCA, and NIPALS),
which account for the interrelationships between variables based on the observed data pat-
terns. Whereas these multivariate methods may pose challenges in clinical practice (com-
pared to simpler techniques like mean and/or median imputation), our findings indicate
that MICE in particular yielded a superior performance. Additionally, in numerous scenar-
ios, approaches like LOCF and mean or median imputation can lead to biased estimates of
statistics, such as regression coefficients [60].

We used NRMSE and NMAE to evaluate the performance of imputation, using complete
information. To assess its effectiveness, it is crucial to evaluate the performance of MICE
in comparison to the complete dataset with full observations [43]. This evaluation allows
researchers to gauge the accuracy of imputed values and understand the impact of missing
data on the overall analysis. By comparing the results derived from imputed data to those
obtained from the full dataset, MICE can be validated as an effective method for minimizing
bias and improving the reliability of statistical estimates.

Variable selection may be an effective tool for improving modelling in medical tasks, aid-
ing in reducing the dimensionality of data, and in decreasing issues like redundancy and
collinearity [67]. Here, we employed two methods: BeSS and LASSO Regularized Cox Regres-
sion. However, ensemble RSF methods considering the full set of variables outperformed the
linear models. Superiority may be attributed to their capability to handle high-dimensional
data [46], thus addressing the curse of dimensionality.

The application of variable selection methods must be approached with caution. This pro-
cess might result in the exclusion of clinically meaningful variables, leading to a potential
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loss of crucial information and/or model underfitting. In turn, this might result in a reduc-
tion in performance of the CR models. Besides, the choice of selection method may introduce
bias; for instance, LASSO tends to shrink coefficients towards zero, potentially omitting vari-
ables with small but meaningful effects. Similarly, BeSS can be computationally intensive and
prone to overfitting if not carefully managed. Therefore, it is essential to evaluate the trade-
off between the benefits and drawbacks of variable selection, examining the performances
attained by each strategy and ensuring the clinical utility of the models.

Yet, linear models outperformed the three proposed baselines. Nonetheless, ensemble
methods outperformed these linear models, particularly when predicting deterioration as
the endpoint of interest. This superiority is likely attributable to the RSF’s ability to cap-
ture non-linear dependencies and complex relationships [46]. In any case, linear models
are computationally more efficient than RSF, they do not require hyper-parameter tuning
(except for variable selection purposes), and they are intrinsically explainable for humans by
design (Beta coefficients). Consequently, although ensemble models showed the best per-
formance, linear models might also be worth considering for modelling LoS, given these
advantages.

Using linear models requires careful consideration, particularly in relation to their under-
lying assumptions. In our case, we assessed the proportional hazards assumption using a
graphical test of residuals. Whereas not all variables fully met this assumption, we opted
to use these models because they still offer valuable insights. The complexity of our dataset
makes it difficult to perfectly satisfy every assumption. Nevertheless, given the models’ rea-
sonable performance and to ensure a comprehensive exploration of methods for modelling
LoS, we chose to include both the CSC and FG models in our analysis.

Performances in CR are typically reported using BS or IBS (sometimes as well) the C-
Index, but rarely together. We employed these indicators simultaneously, alongside an ad hoc
cumulative version of the C-Index, which we termed the CC-Index. This latter was aimed at
aggregating C-index values through in time window of interest into a single indicator, offer-
ing a simplified means for comparison. We conducted a comprehensive examination regard-
ing the combination between subsets of selected variables on the one side, and CR modelling
techniques on the other; attending to the various performance metrics explained above. The
IBS metric consistently demonstrated the superiority of GT-RSF-Full over all other models.
For deterioration, the difference in performance by this model was remarkable with respect to
the rest. In contrast, for favorable discharge, GT-RSF-Full yielded results similar to those for
LR-RSF-Full, both models being noticeably superior over the remaining.

On the other hand, the CC-Index agreed in identifying GT-RSF-Full as the best method
for modelling deterioration. However, for favorable discharge, it was FG-Full that performed
the best according to the CC-Index, though the difference in performance was marginal com-
pared to rest. This indicates that, whereas GT-RSF-Full for deterioration was consistently
strong across most metrics and outcomes; the choice of the most suitable model for favor-
able discharge may vary depending on the performance metric used (with FG-Full showing a
slight advantage according to the CC-Index).

Limitations and future research
Several limitations may impact our findings. First, concerning the transformation from
longitudinal measurements into cross-sectional statistics: The extraction of these statistics
may result in a loss of information, encapsulated within the temporal trends and present in
the original dataset. Simplifying longitudinal vital signs into cross-sectional statistics can
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result in the loss of temporal granularity, making it difficult to detect subtle dynamic pat-
terns such as anomalies or abrupt shifts, which may be critical to building accurate mod-
els. As detailed in [68], cross-sectional statistics are often selected manually by a researcher
for a given dataset. However, it is not guaranteed that those statistics chosen will necessar-
ily be optimal for further analysis. In our study, we selected statistics aimed to facilitate the
clinical understanding of longitudinal transformations. Specifically, we chose a set of ‘easy-
to-interpret’ statistics that are meaningful from a clinical perspective. The main reason for
this choice was to address the high rates of missing data and the temporal irregularity in the
measurement.

Second, using the respiratory rate as a covariate was challenging, given its high missing
rates. Some authors like [27,69] remark on the importance of respiratory rate in the early
detection of deterioration. This motivated us not to discard respiratory rate data, even with
the few that we had available in our dataset observations.

Third, employing MICE as an imputation method for missing data in cross-sectional statis-
tics. As previously noted, MICE reduces bias in modelling by leveraging the relationships
between variables, thereby improving the performance of imputation. However, it is impor-
tant to acknowledge some limitations. MICE lacks a clear theoretical foundation [70]: while
MICE relies on an iterative process akin to a Monte Carlo Markov Chain, its general proper-
ties are not rigorously proven. Then, the justification for MICE’s effectiveness has been based
on empirical studies rather than strong theoretical arguments [71]. The lack of theoretical
foundation could lead to over-fitting or under-fitting issues in the model, compromising the
generalisability of the model when applied to new datasets or different populations. However,
we used a ‘train-validation-test’ approach and a complete case evaluation, to reduce these
issues.

Another limitation of MICE is non-convergence, which occurs when algorithm fails to
reach a stable solution after several iterations [70]. If MICE does not converge, the imputation
process becomes unreliable, and the results may fluctuate leading to incorrect conclusions.
Additionally, a limitation arises when datasets contain many variables, making it difficult to
determine which ones to include in the imputation process. Including too many variables can
result in a complex and unstable model, a common issue in modelling, not exclusive to MICE.
Large and complex models may slow down the imputation process or even cause it to fail.
Simplifying the model without losing important information is crucial, but often challenging
in practice.

Fourth, this was a single-center study and the results may not apply to other hospitals,
with different populations and/or clinical routines. Whereas the patient population and clin-
ical practices at our hospital may differ from those at other institutions (e.g. the definition
of consciousness levels), we believe that our findings could still be relevant to similar health-
care environments, particularly those with comparable clinical protocols. However, further
research (including multi-center studies and studies in different healthcare systems) is neces-
sary to validate the broader applicability of our results.

We plan to orient our forthcoming efforts on evaluating longitudinal imputation meth-
ods for sparse clinical data and exploring the application of models designed for longitudinal
repeated measurements in time-to-event outcomes. Specifically, we aim to investigate how
these methods can enhance the modelling for time-to-event outcomes, such as LoS. Addi-
tionally, we will assess the integration of more comprehensive clinical information, including
laboratory results and comorbidities, to improve the robustness and predictive power of these
models.

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 20/ 25

https://doi.org/10.1371/journal.pone.0322101


ID: pone.0322101 — 2025/8/22 — page 21 — #21

PLOS One Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis

Conclusions
We applied time-to-event CR to model in-hospital LoS, considering two mutually exclu-
sive endpoints. By transforming longitudinal vital signs into cross-sectional statistics, we
notably reduced data missingness. Our pre-processing involved a thorough exploration of
imputation techniques and variable selection methods. Subsequently, we studied both lin-
ear CR models and RSF ensembles. RSF turned out to consistently outperform linear mod-
els. Furthermore, examining variable importance may help provide clinicians with practical
insights.
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for data pre-processing, baseline models, and final modeling is available in the associated
GitHub repository https://github.com/jc-espinosa/Article_LoS.
(PDF)

Author contributions
Conceptualization: Juan Carlos Espinosa-Moreno, Fernando García-García, Naia Mas-
Bilbao, Susana García-Gutiérrez, Dae-Jin Lee.

Data curation: Juan Carlos Espinosa-Moreno, Naia Mas-Bilbao, Susana García-Gutiérrez,
María José Legarreta-Olabarrieta.

Formal analysis: Juan Carlos Espinosa-Moreno, Fernando García-García.

Funding acquisition: Dae-Jin Lee.

Investigation: Juan Carlos Espinosa-Moreno, Fernando García-García, Naia Mas-Bilbao,
Dae-Jin Lee.

Methodology: Juan Carlos Espinosa-Moreno, Fernando García-García, Dae-Jin Lee.

Project administration: Susana García-Gutiérrez, Dae-Jin Lee.

Resources: Naia Mas-Bilbao, Susana García-Gutiérrez, María José Legarreta-Olabarrieta,
Dae-Jin Lee.

Software: Juan Carlos Espinosa-Moreno.

Supervision: Fernando García-García, Susana García-Gutiérrez, Dae-Jin Lee.

Validation: Juan Carlos Espinosa-Moreno, Fernando García-García, Dae-Jin Lee.

Visualization: Juan Carlos Espinosa-Moreno, Fernando García-García.

Writing – original draft: Juan Carlos Espinosa-Moreno, Fernando García-García.

Writing – review & editing: Juan Carlos Espinosa-Moreno, Fernando García-García, Naia
Mas-Bilbao, Susana García-Gutiérrez, María José Legarreta-Olabarrieta, Dae-Jin Lee.

References
1. Buttigieg SC, Abela L, Pace A. Variables affecting hospital length of stay: a scoping review. J Health

Organ Manag. 2018;32(3):463–93. https://doi.org/10.1108/JHOM-10-2017-0275 PMID: 29771210

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 21/ 25

https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322101.s001
https://github.com/jc-espinosa/Article_LoS
https://doi.org/10.1108/JHOM-10-2017-0275
http://www.ncbi.nlm.nih.gov/pubmed/29771210
https://doi.org/10.1371/journal.pone.0322101


ID: pone.0322101 — 2025/8/22 — page 22 — #22

PLOS One Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis

2. Awad A, Bader-El-Den M, McNicholas J. Modeling and predicting patient length of stay: a survey.
International Journal of Advanced Scientific Research and Management. 2016;1(8):90–102.

3. Siddique SM, Tipton K, Leas B, Greysen SR, Mull NK, Lane-Fall M, et al. Interventions to reduce
hospital length of stay in high-risk populations: a systematic review. JAMA Netw Open.
2021;4(9):e2125846. https://doi.org/10.1001/jamanetworkopen.2021.25846 PMID: 34542615

4. Tipton K, Leas BF, Mull NK, Siddique SM, Greysen SR, Lane-Fall MB, et al. Interventions to
decrease hospital length of stay. Europe PMC. 2021.

5. Carter EM, Potts HW. Predicting length of stay from an electronic patient record system: a primary
total knee replacement example. BMC Medical Informatics and Decision Making. 2014;14(1):1–13.

6. Stone K, Zwiggelaar R, Jones P, Mac Parthaláin N. A systematic review of the prediction of hospital
length of stay: towards a unified framework. PLOS Digit Health. 2022;1(4):e0000017.
https://doi.org/10.1371/journal.pdig.0000017 PMID: 36812502

7. Mansoori A, Zeinalnezhad M, Nazarimanesh L. Optimization of tree-based machine learning models
to predict the length of hospital stay using genetic algorithm. J Healthc Eng. 2023;2023:9673395.
https://doi.org/10.1155/2023/9673395 PMID: 36824405

8. Nassar AP Jr, Caruso P. ICU physicians are unable to accurately predict length of stay at
admission: a prospective study. Int J Qual Health Care. 2016;28(1):99–103.
https://doi.org/10.1093/intqhc/mzv112 PMID: 26668104

9. Gusmão Vicente F, Polito Lomar F, Mélot C, Vincent J-L. Can the experienced ICU physician
predict ICU length of stay and outcome better than less experienced colleagues?. Intensive Care
Med. 2004;30(4):655–9. https://doi.org/10.1007/s00134-003-2139-7 PMID: 14735235

10. Lequertier V, Wang T, Fondrevelle J, Augusto V, Duclos A. Hospital length of stay prediction
methods: a systematic review. Med Care. 2021;59(10):929–38.
https://doi.org/10.1097/MLR.0000000000001596 PMID: 34310455

11. Williford E, Haley V, McNutt L-A, Lazariu V. Dealing with highly skewed hospital length of stay
distributions: the use of Gamma mixture models to study delivery hospitalizations. PLoS One.
2020;15(4):e0231825. https://doi.org/10.1371/journal.pone.0231825 PMID: 32310963

12. Zhang X, Barnes S, Golden B, Myers M, Smith P. Lognormal-based mixture models for robust fitting
of hospital length of stay distributions. Operations Research for Health Care. 2019;22:100184.
https://doi.org/10.1016/j.orhc.2019.04.002

13. Vasilakis C, Marshall AH. Modelling nationwide hospital length of stay: opening the black box. 2005.
14. Combes C, Kadri F, Chaabane S. Predicting hospital length of stay using regression models:

application to emergency department. In: 10ème Conférence Francophone de Modélisation,
Optimisation et Simulation-MOSIM’14; 2014. p. 1–12.

15. Baek H, Cho M, Kim S, Hwang H, Song M, Yoo S. Analysis of length of hospital stay using
electronic health records: a statistical and data mining approach. PLoS One. 2018;13(4):e0195901.
https://doi.org/10.1371/journal.pone.0195901 PMID: 29652932

16. Muhlestein WE, Akagi DS, Davies JM, Chambless LB. Predicting inpatient length of stay after brain
tumor surgery: developing machine learning ensembles to improve predictive performance.
Neurosurgery. 2019;85(3):384–93. https://doi.org/10.1093/neuros/nyy343 PMID: 30113665

17. Meadows K, Gibbens R, Gerrard C, Vuylsteke A. Prediction of patient length of stay on the intensive
care unit following cardiac surgery: a logistic regression analysis based on the cardiac operative
mortality risk calculator, EuroSCORE. J Cardiothorac Vasc Anesth. 2018;32(6):2676–82.
https://doi.org/10.1053/j.jvca.2018.03.007 PMID: 29678435

18. Kabir S, Farrokhvar L. Non-linear feature selection for prediction of hospital length of stay. In: 2019
18th IEEE International Conference on Machine Learning and Applications (ICMLA). 2019. p.
945–50. https://doi.org/10.1109/icmla.2019.00162

19. Alahmar A, Mohammed E, Benlamri R. Application of data mining techniques to predict the length of
stay of hospitalized patients with diabetes. In: 2018 4th International Conference on Big Data
Innovations and Applications. IEEE; 2018. p. 38–43.

20. Daghistani TA, Elshawi R, Sakr S, Ahmed AM, Al-Thwayee A, Al-Mallah MH. Predictors of
in-hospital length of stay among cardiac patients: a machine learning approach. Int J Cardiol.
2019;288:140–7. https://doi.org/10.1016/j.ijcard.2019.01.046 PMID: 30685103

21. Naemi A, Schmidt T, Mansourvar M, Ebrahimi A, Wiil UK. Prediction of length of stay using vital
signs at the admission time in emergency departments. Innovation in Medicine and Healthcare:
Proceedings of 9th KES-InMed 2021. Springer; 2021. p. 143–53.

22. Ravangard R, Arab M, Rashidian A, Akbari SA, Zare A, Zeraati H. Comparison of the results of Cox
proportional hazards model and parametric models in the study of length of stay in a tertiary
teaching hospital in Tehran, Iran. Acta Medica Iranica. 2011.

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 22/ 25

https://doi.org/10.1001/jamanetworkopen.2021.25846
http://www.ncbi.nlm.nih.gov/pubmed/34542615
https://doi.org/10.1371/journal.pdig.0000017
http://www.ncbi.nlm.nih.gov/pubmed/36812502
https://doi.org/10.1155/2023/9673395
http://www.ncbi.nlm.nih.gov/pubmed/36824405
https://doi.org/10.1093/intqhc/mzv112
http://www.ncbi.nlm.nih.gov/pubmed/26668104
https://doi.org/10.1007/s00134-003-2139-7
http://www.ncbi.nlm.nih.gov/pubmed/14735235
https://doi.org/10.1097/MLR.0000000000001596
http://www.ncbi.nlm.nih.gov/pubmed/34310455
https://doi.org/10.1371/journal.pone.0231825
http://www.ncbi.nlm.nih.gov/pubmed/32310963
https://doi.org/10.1016/j.orhc.2019.04.002
https://doi.org/10.1371/journal.pone.0195901
http://www.ncbi.nlm.nih.gov/pubmed/29652932
https://doi.org/10.1093/neuros/nyy343
http://www.ncbi.nlm.nih.gov/pubmed/30113665
https://doi.org/10.1053/j.jvca.2018.03.007
http://www.ncbi.nlm.nih.gov/pubmed/29678435
https://doi.org/10.1109/icmla.2019.00162
https://doi.org/10.1016/j.ijcard.2019.01.046
http://www.ncbi.nlm.nih.gov/pubmed/30685103
https://doi.org/10.1371/journal.pone.0322101


ID: pone.0322101 — 2025/8/22 — page 23 — #23

PLOS One Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis

23. Taylor SL, Sen S, Greenhalgh DG, Lawless M, Curri T, Palmieri TL. A competing risk analysis for
hospital length of stay in patients with burns. JAMA Surg. 2015;150(5):450–6.
https://doi.org/10.1001/jamasurg.2014.3490 PMID: 25761045

24. Chaou C-H, Chiu T-F, Yen AM-F, Ng C-J, Chen H-H. Analyzing factors affecting emergency
department length of stay-using a competing risk-accelerated failure time model. Medicine
(Baltimore). 2016;95(14):e3263. https://doi.org/10.1097/MD.0000000000003263 PMID: 27057879

25. Escobar GJ, LaGuardia JC, Turk BJ, Ragins A, Kipnis P, Draper D. Early detection of impending
physiologic deterioration among patients who are not in intensive care: development of predictive
models using data from an automated electronic medical record. J Hosp Med. 2012;7(5):388–95.
https://doi.org/10.1002/jhm.1929 PMID: 22447632

26. Johnson AE, Dunkley N, Mayaud L, Tsanas A, Kramer AA, Clifford GD. Patient specific predictions
in the intensive care unit using a Bayesian ensemble. In: 2012 Computing in Cardiology. 2012. p.
249–52.

27. Churpek MM, Adhikari R, Edelson DP. The value of vital sign trends for detecting clinical
deterioration on the wards. Resuscitation. 2016;102:1–5.
https://doi.org/10.1016/j.resuscitation.2016.02.005 PMID: 26898412

28. Kipnis P, Turk BJ, Wulf DA, LaGuardia JC, Liu V, Churpek MM, et al. Development and validation of
an electronic medical record-based alert score for detection of inpatient deterioration outside the
ICU. J Biomed Inform. 2016;64:10–9. https://doi.org/10.1016/j.jbi.2016.09.013 PMID: 27658885

29. Johnson AEW, Mark RG. Real-time mortality prediction in the intensive care unit. AMIA Annu Symp
Proc. 2018;2017:994–1003. PMID: 29854167

30. Brekke IJ, Puntervoll LH, Pedersen PB, Kellett J, Brabrand M. The value of vital sign trends in
predicting and monitoring clinical deterioration: a systematic review. PLoS One.
2019;14(1):e0210875. https://doi.org/10.1371/journal.pone.0210875 PMID: 30645637

31. Blythe R, Parsons R, Barnett AG, McPhail SM, White NM. Vital signs-based deterioration prediction
model assumptions can lead to losses in prediction performance. J Clin Epidemiol.
2023;159:106–15. https://doi.org/10.1016/j.jclinepi.2023.05.020 PMID: 37245699

32. Smith GB, Recio-Saucedo A, Griffiths P. The measurement frequency and completeness of vital
signs in general hospital wards: an evidence free zone?. Int J Nurs Stud. 2017;74:A1–4.
https://doi.org/10.1016/j.ijnurstu.2017.07.001 PMID: 28701265

33. Fieler VK, Jaglowski T, Richards K. Eliminating errors in vital signs documentation. Comput Inform
Nurs. 2013;31(9):422–7; quiz 428–9. https://doi.org/10.1097/01.NCN.0000432125.61526.27 PMID:
24080751

34. Alghatani K, Ammar N, Rezgui A, Shaban-Nejad A. Predicting intensive care unit length of stay and
mortality using patient vital signs: machine learning model development and validation. JMIR Med
Inform. 2021;9(5):e21347. https://doi.org/10.2196/21347 PMID: 33949961

35. Brunker C, Harris R. How accurate is the AVPU scale in detecting neurological impairment when
used by general ward nurses? An evaluation study using simulation and a questionnaire. Intensive
Crit Care Nurs. 2015;31(2):69–75. https://doi.org/10.1016/j.iccn.2014.11.003 PMID: 25599998

36. Bennett N, Plečko D, Ukor I-F, Meinshausen N, Bühlmann P. ricu: R’s interface to intensive care
data. Gigascience. 2022;12:giad041. https://doi.org/10.1093/gigascience/giad041 PMID: 37318234

37. RCoP L. National early warning score (NEWS): standardising the assessment of acute-illness
severity in the NHS. London: Royal College of Physicians; 2012.

38. Subbe CP, Kruger M, Rutherford P, Gemmel L. Validation of a modified Early Warning Score in
medical admissions. QJM. 2001;94(10):521–6. https://doi.org/10.1093/qjmed/94.10.521 PMID:
11588210

39. Espinosa-Moreno J, García F, Lee DJ, García S, Legarreta M, Mas N, et al. Competing risk models
in early warning systems for in-hospital deterioration: the role of missing data imputation. In:XIX
Spanish Biometric Conference and VIII Ibero-American Biometric Meeting (CEB-EIB); 2023.
https://bird.bcamath.org/handle/20.500.11824/1644

40. Van Buuren S, Oudshoorn K. Flexible multivariate imputation by MICE. Leiden: TNO; 1999.
41. Oba S, Sato M, Takemasa I, Monden M, Matsubara K, Ishii S. A Bayesian missing value estimation

method for gene expression profile data. Bioinformatics. 2003;19(16):2088–96.
https://doi.org/10.1093/bioinformatics/btg287 PMID: 14594714

42. Stacklies W, Redestig H, Scholz M, Walther D, Selbig J. pcaMethods–a bioconductor package
providing PCA methods for incomplete data. Bioinformatics. 2007;23(9):1164–7.
https://doi.org/10.1093/bioinformatics/btm069 PMID: 17344241

43. Austin PC, Lee DS, Fine JP. Introduction to the analysis of survival data in the presence of
competing risks. Circulation. 2016;133(6):601–9.
https://doi.org/10.1161/CIRCULATIONAHA.115.017719 PMID: 26858290

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 23/ 25

https://doi.org/10.1001/jamasurg.2014.3490
http://www.ncbi.nlm.nih.gov/pubmed/25761045
https://doi.org/10.1097/MD.0000000000003263
http://www.ncbi.nlm.nih.gov/pubmed/27057879
https://doi.org/10.1002/jhm.1929
http://www.ncbi.nlm.nih.gov/pubmed/22447632
https://doi.org/10.1016/j.resuscitation.2016.02.005
http://www.ncbi.nlm.nih.gov/pubmed/26898412
https://doi.org/10.1016/j.jbi.2016.09.013
http://www.ncbi.nlm.nih.gov/pubmed/27658885
http://www.ncbi.nlm.nih.gov/pubmed/29854167
https://doi.org/10.1371/journal.pone.0210875
http://www.ncbi.nlm.nih.gov/pubmed/30645637
https://doi.org/10.1016/j.jclinepi.2023.05.020
http://www.ncbi.nlm.nih.gov/pubmed/37245699
https://doi.org/10.1016/j.ijnurstu.2017.07.001
http://www.ncbi.nlm.nih.gov/pubmed/28701265
https://doi.org/10.1097/01.NCN.0000432125.61526.27
http://www.ncbi.nlm.nih.gov/pubmed/24080751
https://doi.org/10.2196/21347
http://www.ncbi.nlm.nih.gov/pubmed/33949961
https://doi.org/10.1016/j.iccn.2014.11.003
http://www.ncbi.nlm.nih.gov/pubmed/25599998
https://doi.org/10.1093/gigascience/giad041
http://www.ncbi.nlm.nih.gov/pubmed/37318234
https://doi.org/10.1093/qjmed/94.10.521
http://www.ncbi.nlm.nih.gov/pubmed/11588210
https://bird.bcamath.org/handle/20.500.11824/1644
https://doi.org/10.1093/bioinformatics/btg287
http://www.ncbi.nlm.nih.gov/pubmed/14594714
https://doi.org/10.1093/bioinformatics/btm069
http://www.ncbi.nlm.nih.gov/pubmed/17344241
https://doi.org/10.1161/CIRCULATIONAHA.115.017719
http://www.ncbi.nlm.nih.gov/pubmed/26858290
https://doi.org/10.1371/journal.pone.0322101


ID: pone.0322101 — 2025/8/22 — page 24 — #24

PLOS One Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis

44. Wen C, Zhang A, Quan S, Wang X. BeSS: an R package for best subset selection in linear, logistic
and cox proportional hazards models. J Stat Soft. 2020;94(4). https://doi.org/10.18637/jss.v094.i04

45. Simon N, Friedman J, Hastie T, Tibshirani R. Regularization paths for cox’s proportional hazards
model via coordinate descent. J Stat Softw. 2011;39(5):1–13. https://doi.org/10.18637/jss.v039.i05
PMID: 27065756

46. Ishwaran H, Gerds TA, Kogalur UB, Moore RD, Gange SJ, Lau BM. Random survival forests for
competing risks. Biostatistics. 2014;15(4):757–73. https://doi.org/10.1093/biostatistics/kxu010
PMID: 24728979

47. Fine JP, Gray RJ. A proportional hazards model for the subdistribution of a competing risk. Journal
of the American Statistical Association. 1999;94(446):496–509.
https://doi.org/10.1080/01621459.1999.10474144

48. Latouche A, Allignol A, Beyersmann J, Labopin M, Fine JP. A competing risks analysis should
report results on all cause-specific hazards and cumulative incidence functions. J Clin Epidemiol.
2013;66(6):648–53. https://doi.org/10.1016/j.jclinepi.2012.09.017 PMID: 23415868

49. Zhang Z. Survival analysis in the presence of competing risks. Ann Transl Med. 2017;5(3):47.
https://doi.org/10.21037/atm.2016.08.62 PMID: 28251126

50. Cox DR. Regression models and life-tables. Journal of the Royal Statistical Society Series B:
Statistical Methodology. 1972;34(2):187–202. https://doi.org/10.1111/j.2517-6161.1972.tb00899.x

51. Mahmoodpoor A, Sanaie S, Saghaleini SH, Ostadi Z, Hosseini M-S, Sheshgelani N, et al.
Prognostic value of national early warning score and modified early warning score on intensive care
unit readmission and mortality: a prospective observational study. Front Med (Lausanne).
2022;9:938005. https://doi.org/10.3389/fmed.2022.938005 PMID: 35991649

52. Schoop R, Beyersmann J, Schumacher M, Binder H. Quantifying the predictive accuracy of
time-to-event models in the presence of competing risks. Biom J. 2011;53(1):88–112.
https://doi.org/10.1002/bimj.201000073 PMID: 21259311

53. Wolbers M, Blanche P, Koller MT, Witteman JCM, Gerds TA. Concordance for prognostic models
with competing risks. Biostatistics. 2014;15(3):526–39. https://doi.org/10.1093/biostatistics/kxt059
PMID: 24493091

54. Funder DC, Ozer DJ. Evaluating effect size in psychological research: sense and nonsense.
Advances in Methods and Practices in Psychological Science. 2019;2(2):156–68.
https://doi.org/10.1177/2515245919847202

55. Blanche P, Dartigues J-F, Jacqmin-Gadda H. Estimating and comparing time-dependent areas
under receiver operating characteristic curves for censored event times with competing risks. Stat
Med. 2013;32(30):5381–97. https://doi.org/10.1002/sim.5958 PMID: 24027076

56. Ishwaran H, Lu M. Standard errors and confidence intervals for variable importance in random
forest regression, classification, and survival. Stat Med. 2019;38(4):558–82.
https://doi.org/10.1002/sim.7803 PMID: 29869423

57. Aalen OO, Johansen S. An empirical transition matrix for non-homogeneous Markov chains based
on censored observations. Scandinavian Journal of Statistics. 1978;:141–50.

58. Harrell FE. Regression modeling strategies: with applications to linear models, logistic regression,
and survival analysis. Springer; 2001.

59. Knol MJ, Janssen KJM, Donders ART, Egberts ACG, Heerdink ER, Grobbee DE, et al.
Unpredictable bias when using the missing indicator method or complete case analysis for missing
confounder values: an empirical example. J Clin Epidemiol. 2010;63(7):728–36.
https://doi.org/10.1016/j.jclinepi.2009.08.028 PMID: 20346625

60. Austin PC, White IR, Lee DS, van Buuren S. Missing data in clinical research: a tutorial on multiple
imputation. Can J Cardiol. 2021;37(9):1322–31. https://doi.org/10.1016/j.cjca.2020.11.010 PMID:
33276049

61. Ghosh E, Eshelman L, Yang L, Carlson E, Lord B. Early deterioration indicator: data-driven
approach to detecting deterioration in general ward. Resuscitation. 2018;122:99–105.
https://doi.org/10.1016/j.resuscitation.2017.10.026 PMID: 29122648

62. Henriksen DP, Brabrand M, Lassen AT. Prognosis and risk factors for deterioration in patients
admitted to a medical emergency department. PLoS One. 2014;9(4):e94649.
https://doi.org/10.1371/journal.pone.0094649 PMID: 24718637

63. Janssen KJM, Donders ART, Harrell FE Jr, Vergouwe Y, Chen Q, Grobbee DE, et al. Missing
covariate data in medical research: to impute is better than to ignore. J Clin Epidemiol.
2010;63(7):721–7. https://doi.org/10.1016/j.jclinepi.2009.12.008 PMID: 20338724

64. Zou H, Yang W, Wang M, Zhu Q, Liang H, Wu H, et al. Predicting length of stay ranges by using
novel deep neural networks. Heliyon. 2023;9(2):e13573.
https://doi.org/10.1016/j.heliyon.2023.e13573 PMID: 36852025

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 24/ 25

https://doi.org/10.18637/jss.v094.i04
https://doi.org/10.18637/jss.v039.i05
http://www.ncbi.nlm.nih.gov/pubmed/27065756
https://doi.org/10.1093/biostatistics/kxu010
http://www.ncbi.nlm.nih.gov/pubmed/24728979
https://doi.org/10.1080/01621459.1999.10474144
https://doi.org/10.1016/j.jclinepi.2012.09.017
http://www.ncbi.nlm.nih.gov/pubmed/23415868
https://doi.org/10.21037/atm.2016.08.62
http://www.ncbi.nlm.nih.gov/pubmed/28251126
https://doi.org/10.1111/j.2517-6161.1972.tb00899.x
https://doi.org/10.3389/fmed.2022.938005
http://www.ncbi.nlm.nih.gov/pubmed/35991649
https://doi.org/10.1002/bimj.201000073
http://www.ncbi.nlm.nih.gov/pubmed/21259311
https://doi.org/10.1093/biostatistics/kxt059
http://www.ncbi.nlm.nih.gov/pubmed/24493091
https://doi.org/10.1177/2515245919847202
https://doi.org/10.1002/sim.5958
http://www.ncbi.nlm.nih.gov/pubmed/24027076
https://doi.org/10.1002/sim.7803
http://www.ncbi.nlm.nih.gov/pubmed/29869423
https://doi.org/10.1016/j.jclinepi.2009.08.028
http://www.ncbi.nlm.nih.gov/pubmed/20346625
https://doi.org/10.1016/j.cjca.2020.11.010
http://www.ncbi.nlm.nih.gov/pubmed/33276049
https://doi.org/10.1016/j.resuscitation.2017.10.026
http://www.ncbi.nlm.nih.gov/pubmed/29122648
https://doi.org/10.1371/journal.pone.0094649
http://www.ncbi.nlm.nih.gov/pubmed/24718637
https://doi.org/10.1016/j.jclinepi.2009.12.008
http://www.ncbi.nlm.nih.gov/pubmed/20338724
https://doi.org/10.1016/j.heliyon.2023.e13573
http://www.ncbi.nlm.nih.gov/pubmed/36852025
https://doi.org/10.1371/journal.pone.0322101


ID: pone.0322101 — 2025/8/22 — page 25 — #25

PLOS One Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis

65. Rocheteau E, Liò P, Hyland S. Temporal pointwise convolutional networks for length of stay
prediction in the intensive care unit. In: Proceedings of the Conference on Health, Inference, and
Learning. 2021. p. 58–68. https://doi.org/10.1145/3450439.3451860

66. Deng Y, Liu S, Wang Z, Wang Y, Jiang Y, Liu B. Explainable time-series deep learning models for
the prediction of mortality, prolonged length of stay and 30-day readmission in intensive care
patients. Frontiers in Medicine. 2022;9:933037.

67. Heinze G, Wallisch C, Dunkler D. Variable selection - a review and recommendations for the
practicing statistician. Biom J. 2018;60(3):431–49. https://doi.org/10.1002/bimj.201700067 PMID:
29292533

68. Fulcher BD, Jones NS. Highly comparative feature-based time-series classification. IEEE Trans
Knowl Data Eng. 2014;26(12):3026–37. https://doi.org/10.1109/tkde.2014.2316504

69. Kayser SA, Williamson R, Siefert G, Roberts D, Murray A. Respiratory rate monitoring and early
detection of deterioration practices. Br J Nurs. 2023;32(13):620–7.
https://doi.org/10.12968/bjon.2023.32.13.620 PMID: 37410682

70. White IR, Royston P, Wood AM. Multiple imputation using chained equations: Issues and guidance
for practice. Stat Med. 2011;30(4):377–99. https://doi.org/10.1002/sim.4067 PMID: 21225900

71. Van Buuren S, Brand JPL, Groothuis-Oudshoorn CGM, Rubin DB. Fully conditional specification in
multivariate imputation. Journal of Statistical Computation and Simulation. 2006;76(12):1049–64.
https://doi.org/10.1080/10629360600810434

PLOS One https://doi.org/10.1371/journal.pone.0322101 August 26, 2025 25/ 25

https://doi.org/10.1145/3450439.3451860
https://doi.org/10.1002/bimj.201700067
http://www.ncbi.nlm.nih.gov/pubmed/29292533
https://doi.org/10.1109/tkde.2014.2316504
https://doi.org/10.12968/bjon.2023.32.13.620
http://www.ncbi.nlm.nih.gov/pubmed/37410682
https://doi.org/10.1002/sim.4067
http://www.ncbi.nlm.nih.gov/pubmed/21225900
https://doi.org/10.1080/10629360600810434
https://doi.org/10.1371/journal.pone.0322101

	Modelling in-hospital length of stay: A comparison of linear and ensemble models for competing risk analysis
	References


