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Abstract

Large-scale critical care databases have expanded opportunities for clinical research. Previous reviews have summarized
open-access intensive care unit databases and specific analytical methods, but integrated, practice-oriented guidance on
commonly used and emerging methods and their selection remains limited. The objective of this narrative review is to provide
a practice-oriented overview of commonly used and emerging statistical and modeling methods in critical care database
research, with emphasis on their appropriate applications, strengths, limitations, and considerations for method selection. This
narrative review summarizes commonly used and emerging methods in critical care database research, focusing on their
applications, strengths, limitations, and practical considerations. The methods reviewed range from descriptive and regression
analyses to prediction modeling, longitudinal analysis, causal inference, and artificial intelligence-based approaches. Common
problems include missing data, temporal bias, confounding, overfitting, and limited external validation. Careful method
selection and appropriate validation are therefore important when working with complex critical care data. Closer
coordination of clinical questions, data structures, analytical methods, and reporting standards can strengthen research using
intensive care unit databases. Paying closer attention to data quality, causal hypotheses, validation, reproducibility, and
generalizability may improve the methodological rigor and translational value of these studies.

research in recent years. As a result, the number of related studies
has increased significantly in the last decade. These databases are
characterized by large sample sizes, multidimensional data and

Introduction

The widespread adoption of electronic health record (EHR) systems

and the rapid development of data-sharing platforms have
substantially accelerated the use of large-scale clinical databases,
such as the Medical Information Mart for Intensive Care (MIMIC)'?
and the eICU Collaborative Research Database (eICU),? in medical
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comprehensive longitudinal information, providing a strong basis
for studying disease mechanisms, evaluating therapeutic outcomes,
and developing predictive models.*

Nevertheless, compared with traditional prospective studies,
database-driven research continues to face several methodological
challenges. First, the variety of statistical methods used is relat-
ively limited, with logistic regression and conventional machine
learning (ML) algorithms predominating, resulting in substantial
methodological homogeneity across studies.’ Second, many
studies still show limited methodological rigor in the development
and validation of models. These limitations include a lack of
external validation, insufficient control of overfitting, and reliance
on a limited set of performance metrics.® Previous reviews have
offered valuable insights into open-access intensive care unit
(ICU) databases and specific analytical methods, such as ML.5¢
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However, integrated, practice-oriented guidance on commonly
used and emerging analytical methods, including their applica-
tions, strengths, limitations, and considerations for method selec-
tion, remains limited. This article presents a narrative review of
commonly used and emerging methodological approaches in crit-
ical care database research. Rather than providing an exhaustive
list of all available methods, the review focuses on frequently
applied and increasingly relevant approaches to the main analyt-
ical tasks in this field, as reflected in the literature and the authors’
experience. For organizational clarity, these approaches are
grouped into five pragmatic, non-mutually exclusive domains
according to their primary analytical objectives and the structure
of the data being analyzed: descriptive and associational
approaches; clinical prediction modeling; time-to-event, longitud-
inal, and dynamic methods; causal inference approaches; and arti-
ficial intelligence (AI) and advanced computational methods. The
sequence progresses from characterizing data and estimating asso-
ciations to predicting clinical outcomes, modeling temporal pro-
cesses, estimating causal effects, and applying advanced computa-
tional techniques. Because a study design or analytical method
may have multiple applications, each approach is categorized
according to its predominant use without implying that the five
domains are mutually exclusive. To provide a practical overview
of the research process, Figure 1 presents an author-developed
synthesis of the general workflow of critical care database
research, informed by published methodological frameworks and
guidance on clinical big data mining and the use of EHR data in
critical care research.”® Table 1 summarizes the principal applica-
tions, advantages, and limitations of the methodological
approaches discussed in this review.’* Accordingly, the objective
of the present narrative review is to provide clinicians and
researchers with a practice-oriented overview of commonly used
and emerging methodological approaches in critical care database
research, focusing on the research questions they address, their
analytical logic, strengths, limitations, and key considerations for
method selection and implementation.

Common and emerging methodological approaches in critical
care database research

Descriptive and associational approaches

One of the most common study designs in large-scale database
research is the retrospective cohort study, which uses existing data
to classify participants according to exposure and assess
outcomes.*’ Depending on the research question, researchers may
conduct descriptive, associational, predictive, or causal analyses
within this design. Thus, this section focuses on descriptive and
associational approaches rather than treating retrospective cohort
studies as a separate analytical category.

This design is often used to examine associations between
clinical characteristics and outcomes such as ICU mortality and
complications in databases such as MIMIC. This design has been
widely used in previous MIMIC-based studies of patients with
various conditions, including ventilator-associated pneumonia,*!
sepsis,* ischemic stroke,** and dementia.**

Retrospective cohort studies offer large sample sizes, high effi-
ciency, and relatively low research costs. However, their validity
depends on the quality and completeness of the available data and
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may be limited by residual and unmeasured confounding.’
Descriptive analysis

Descriptive studies are often used to summarize basic character-
istics of a study population, such as demographic features, clinical
indicators, and distributions of outcomes. Causal inference and
predictive modeling are not included in these studies.*®*” This
type of research is widely used in critical care database research to
describe ICU patient populations, therapeutic interventions, and
clinical outcomes.

For example, a MIMIC-based study of patients with ventilator-
associated pneumonia used descriptive statistical analysis to
characterize microbiological findings and patterns of antibiotic
use.’ The main virtues of purely descriptive studies are simplicity,
clear interpretability, and ease of implementation. These studies
allow researchers to quickly outline the general characteristics of a
study population and set the stage for further analyses. However,
their limitations should also be recognized. Such studies cannot
establish causality; they can only describe observed distributions
and patterns and may be particularly susceptible to selection bias.
The heterogeneity of patient populations included in large clinical
databases may also limit the generalizability of the findings.*

Multivariable association and risk-factor analysis

Multivariable regression models are commonly used in risk-factor
analyses to identify variables independently associated with clin-
ical outcomes. These models are commonly employed in critical
care database research to examine associations between factors
such as age, disease severity, and laboratory indicators and out-
comes such as mortality, complications, and prognosis. For
example, in studies based on the MIMIC cohort, multivariable
Cox proportional hazards models have been used to examine the
association between the Geriatric Nutritional Risk Index and 28-
day mortality in elderly patients with sepsis,!” as well as the asso-
ciation between early prophylactic heparin use and mortality in
critically ill patients with sepsis.!" Multivariable regression offers
several advantages: it enables the simultaneous examination of
multiple predictors, allows adjustment for potential confounders,
and quantifies associations using odds ratios or hazard ratios with
corresponding confidence intervals. The three most common
types—Ilinear, logistic, and Cox proportional hazards regression—
are applicable to continuous, binary, and time-to-event outcomes,
respectively, and are readily implemented in standard statistical
software packages.*® However, this method may have limited
capacity for causal inference when used in exploratory analyses
without a prespecified exposure and adjustment strategy.*’

Nonlinear association modeling

Continuous variables are often dichotomized in traditional
statistical analyses. However, this practice can lead to information
loss and reduced statistical power.> Restricted cubic spline (RCS)
modeling is a flexible method for modeling nonlinear relationships
between continuous variables and outcomes. RCS has become
widely used in database research.3"-5!

RCS is commonly used to evaluate nonlinear dose-response
relationships between biomarkers and clinical outcomes in critical
care database research. For example, prior studies have applied
RCS in patients with sepsis-associated acute kidney injury'? and
urosepsis.'? In the latter dual-cohort study, RCS showed a positive
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Fig. 1. Author-synthesized workflow for designing, conducting, analyzing, interpreting, and reporting critical care database research. This flowchart
summarizes six major stages in critical care database research: formulation of the research question and study design; identification and extraction of data
from the clinical database; data cleaning and preparation; statistical analysis and modeling; results interpretation; and reporting and dissemination. The
callout boxes highlight key considerations across these stages, including defining the objective, specifying exposures and outcomes, identifying eligible
patients and variables, handling missing data and outliers, selecting analytical methods aligned with the study objective and design, and assessing clinical
significance and limitations. The workflow was synthesized by the authors and was conceptually informed by published methodological frameworks and

guidance relevant to clinical big data mining and electronic health record research in critical care.

dose-response association between the red cell distribution width-
to-albumin ratio and short-term mortality, illustrating how this
approach can reveal more nuanced associations between con-
tinuous predictors and clinical outcomes.

The main advantage of RCS is that it can retain the full inform-
ation contained in continuous variables and capture nonlinear
trends flexibly and intuitively. However, this method can be sens-
itive to the number and location of spline knots and generally
requires a sufficiently large sample size to obtain stable estimates.
When the sample size is small or the data distribution is highly
skewed, the fitted curve may exhibit instability.5! Therefore, knot
selection and sensitivity analyses are important for the robustness
and reliability of the findings.

7,8

Clinical prediction modeling

Diagnostic prediction models

Diagnostic prediction models estimate the probability that an
individual currently has a specific health condition, usually a
disease.*? Traditional diagnostic prediction models commonly use
multivariable regression approaches, such as logistic regression
for binary outcomes.’*** More generally, predictive modeling
follows a standardized workflow encompassing study design, data
preprocessing, model development, and internal and external
validation.>*

The model’s performance is generally evaluated in three
domains: discrimination, calibration, and clinical utility.
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Table 1. Comparison of common methodological approaches in critical care database research
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Methodological
approach

Clinical scenarios

Advantages

Limitations and challenges

Descriptive and associational approaches

Descriptive analysis

Multivariable
association and
risk-factor analysis

Nonlinear
association
modeling

Describing microbiological findings
and antibiotic use patterns in VAP®

Examining the associations of the

Geriatric Nutritional Risk Index and
early prophylactic heparin use with
mortality in patients with sepsis®**

Examining nonlinear associations of
biomarkers with mortality in sepsis-
associated acute kidney injury and

urosepsis using restricted cubic
splinest?*3

Clinical prediction modeling

Diagnostic
prediction models

Prognostic
prediction models

Machine learning-
based diagnostic
prediction models

Machine learning-
based prognostic
prediction models

Early identification of bloodstream
infection in critically ill patients using
LASSO-based predictor selection,
logistic regression, and a nomogram®*

Predicting short- and longer-term
mortality in critically ill patients with
coronary artery disease, acute
pulmonary embolism, and COPD*>%7

Early identification of sepsis-
associated acute respiratory distress
syndrome using machine learning

models based on elCU and MIMIC-IV
data'®

Predicting new-onset atrial fibrillation
in critically ill patients, critical
outcomes in urinary tract infection,
and prognosis in urosepsis and

catheter-associated urinary tract
infection®2?

Time-to-event, longitudinal, and dynamic methods

Restricted mean
survival time
analysis

Longitudinal and
joint modeling

Evaluating survival time with early
albumin plus crystalloid therapy in
patients with sepsis?3

Jointly modeling repeated daily SOFA
scores and the competing risks of ICU

death and discharge in patients with
sepsis?*

Simple and intuitive; easy to
implement; provides basis for
further analyses

Enables simultaneous
examination of multiple
variables; allows adjustment
for potential confounders;
quantifies associations using
effect estimates with
confidence intervals

Preserves continuous variable
information; flexibly models
nonlinear trends

Widely used for disease risk
estimation and early
identification of high-risk
patients

Supports risk stratification and
individualized prognostic
assessment

Can integrate
multidimensional clinical
information to generate
individualized risk predictions
and may support early
detection and clinical
decision-making

May support prognostic risk
stratification in complex
patient populations

Does not rely on proportional
hazards assumption; results
are clinically interpretable

Captures temporal changes
and within- and between-
individual variability using
repeated measurements; joint

Cannot infer causality; susceptible to
selection bias; limited generalizability

Limited causal inference capacity in
exploratory analyses without prespecified
exposure and adjustment strategy

Sensitive to the number and placement of
knots; requires adequate sample size

Use of AUC alone may overestimate
practical usefulness

Requires external validation before
clinical implementation

Risk of overfitting; risk of data leakage;
requires external validation

Survival time bias; competing risks;
requires time-dependent performance
metrics

Sensitive to truncation time (t); may be
unstable with insufficient follow-up

Highly sensitive to data completeness;
requires careful study design, appropriate
measurement time point selection, and
rigorous missing data handling
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Table 1. Comparison of common methodological approaches in critical care database research (continued)

Methodological
approach

Clinical scenarios

Advantages

Limitations and challenges

Trajectory analysis

Identifying longitudinal trajectories of
lactate in sepsis, serum sodium in
sepsis with lactic acidosis, and age-

adjusted shock index in septic
shock?>%7

Causal inference approaches

Propensity score
methods and
inverse probability
of treatment
weighting

Causal mediation
analysis

Target trial
emulation

Artificial intelligence and advanced computational methods

Deep learning

Ensemble learning

Image-based deep
learning

Reinforcement

Evaluating the associations of

ramelteon exposure with survival in

sepsis and albumin infusion with
prognosis in ICU patients with

cirrhosis and acute kidney injury?®?°

Investigating potential mediating
roles of inflammatory markers and

metabolic or electrolyte-related
biomarkers in associations with
mortality3%3!

Evaluating early albumin

administration in relation to sepsis-
associated acute kidney injury and
corticosteroid treatment in patients

with sepsis3?32

Predicting ICU survival using
multicohort data and estimating

individualized mortality risks under

different treatment strategies in

patients with atrial fibrillation343%

Predicting sepsis-associated liver

injury using ensemble learning with

external multicenter validation®

Classifying the progression of multiple
thoracic abnormalities and localizing
newly developed abnormalities on
chest radiographs using MIMIC-CXR3?

Optimizing sepsis treatment

models can link longitudinal
and event-time processes
while accounting for
measurement error

Captures heterogeneity in
longitudinal data

Can improve balance in
measured baseline covariates
and reduce confounding due
to measured characteristics

Helps investigate potential
mechanistic pathways

Aligns observational analyses
with a prespecified target-trial
framework and may reduce
certain design- and time-
related biases

Applicable to outcome
prediction and, when
integrated with causal
inference frameworks,
individualized treatment-
effect estimation

Combines multiple base
models and may improve
predictive stability and
generalizability

Can directly extract features
from raw images for
detection, classification,
progression assessment, and
lesion localization

Models sequential decision-

Sensitive to sample size, missing data,
and the prespecified number of trajectory
classes; requires robust model-selection
procedures and sensitivity analyses

Sensitive to propensity-score model
specification and extreme weights;
cannot eliminate unmeasured
confounding

Causal interpretation requires strong
assumptions regarding confounding,
temporal ordering, and model
specification; sensitivity analyses are
important

Validity depends on data quality, variable
availability, and accurate mapping of
clinical pathways; prone to unmeasured
confounding factors; prone to issues
related to complex treatment pathways;
robustness and credibility depend on
well-specified trial protocols, meticulous
operationalization of observational data,
and comprehensive sensitivity analyses

Requires large amounts of high-quality
training data; limited interpretability due
to complex, black-box model structures

Increased computational complexity; risk
of data leakage

Depends on large-scale, manually labeled
datasets; labeling cost is high

Limited prospective clinical evaluation;
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Table 1. Comparison of common methodological approaches in critical care database research (continued)

Methodological Clinical scenarios Advantages Limitations and challenges
approach
learning strategies using deep reinforcement  making under uncertainty and external validation and safety testing

learning with expert clinical
knowledge3®

Natural language
processing

Using clinical and nursing notes to
predict hospital-acquired pressure
injury through named-entity
recognition®®

Can process large volumes of
unstructured clinical text; may populations, and languages; limited by
support diagnostic and
prognostic applications

may support personalized and remain important
adaptive treatment strategies

Performance may vary across tasks,

incomplete EHR data and poor
interoperability with existing clinical
systems

AUC, area under the receiver operating characteristic curve; COPD, chronic obstructive pulmonary disease; EHR, electronic health record; elCU, elCU
Collaborative Research Database; ICU, intensive care unit; LASSO, least absolute shrinkage and selection operator; MIMIC-CXR, Medical Information Mart
for Intensive Care Chest X-ray; MIMIC-1V, Medical Information Mart for Intensive Care IV; SOFA, Sequential Organ Failure Assessment; VAP, ventilator-

associated pneumonia.

Discrimination reflects a model’s ability to distinguish between
high- and low-risk individuals and is usually assessed using the
area under the receiver operating characteristic curve (AUC) or the
C-statistic. Calibration assesses agreement between predicted
probabilities and observed outcome frequencies, typically via
calibration plots. Decision curve analysis is frequently applied to
assess clinical utility, estimating the net clinical benefit of using
the model across various decision thresholds.>* Although
discrimination metrics are most often reported, using the AUC
alone may overestimate the practical usefulness of a model.
Therefore, a comprehensive evaluation that includes calibration
and clinical utility is essential. 5455

Predictive models are widely used in clinical database research
for estimating disease risk and identifying high-risk patients early.
For example, a MIMIC-IV-based study developed a nomogram
for the early identification of bloodstream infection in critically ill
patients using logistic regression with least absolute shrinkage and
selection operator-based predictor selection. Model performance
was assessed using discrimination, calibration, and decision curve
analysis, with external validation in the eICU and an external
hospital cohort.'*

Prognostic prediction models

Prognostic prediction models are widely used in clinical research
to estimate future risk of mortality, complications, and
readmission. These models can support risk stratification and
clinical decision-making. For example, MIMIC-based prognostic
models have been developed for critically ill patients with
coronary artery disease,!S acute pulmonary embolism,'® and
chronic obstructive pulmonary disease!” to estimate short- and
longer-term mortality risks. These models demonstrate how
routinely collected clinical data can be used for individualized
prognostic assessment and risk stratification.

These approaches may support more individualized risk
assessment and adaptive strategies for clinical management.
However, before such models can be used in clinical practice, they
should undergo external validation using data from different
populations that were not used during model development.

Machine learning-based diagnostic prediction models

ML is a major branch of Al that uses algorithmic learning to
identify patterns and relationships in data without predefined
rules.>

ML approaches can generally be classified as supervised or
unsupervised learning based on the learning paradigm. Supervised
learning learns mappings from input features to outcomes from
labeled data. It is used mainly for classification and regression
tasks. In contrast, unsupervised learning finds latent structures in
unlabeled data by clustering or dimensionality reduction, thus
revealing hidden heterogeneity across patient populations.’”-%

During model development, datasets are often split into training
and validation subsets to assess model performance and
generalizability and reduce the risk of overfitting.® Compared
with traditional regression-based methods, ML methods are less
dependent on prespecified functional forms or distributional
assumptions and instead emphasize predictive accuracy and
pattern recognition.’” ML algorithms can also integrate high-
dimensional and heterogeneous clinical data, which can be
advantageous in complex database environments, such as MIMIC
and eICU.

ML methods have been widely used for disease prediction and
early risk identification in clinical database research. For example,
a study using the eICU and MIMIC-1V databases developed a ML
diagnostic model for the early identification of sepsis-associated
acute respiratory distress syndrome and evaluated several
algorithms to distinguish affected from unaffected patients.'®

Overall, ML-based diagnostic and predictive models can
integrate multidimensional clinical information to generate
individualized risk predictions and may support early detection
and clinical decision-making.’” However, special attention must
still be paid to issues such as overfitting, data leakage, and
external validation during model development and evaluation.

Machine learning-based prognostic prediction models

ML methods have also been widely employed for prognostic risk
prediction in critically ill populations. For example, interpretable
ML models have been developed to predict new-onset atrial fibril-
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lation in critically ill patients using multicenter datasets.'” Other
studies have used MIMIC-based data to predict critical outcomes
in emergency department patients with urinary tract infection
using algorithms such as XGBoost, random forests, and support
vector machines,?’ and to develop interpretable prognostic models
for patients with urosepsis and catheter-associated urinary tract
infection.?!-?? These studies illustrate the application of ML to risk
stratification and outcome prediction in critically ill populations.

In summary, these studies suggest that ML-based prognostic
models may support risk stratification and outcome prediction in
heterogeneous critically ill populations. Such models may help
inform clinical planning and healthcare resource allocation.
However, special attention should be given to the methodological
issues specific to prognostic modeling. These issues include
survival time bias, competing risks, and the use of time-dependent
performance metrics.

Time-to-event, longitudinal, and dynamic methods

Restricted mean survival time analysis

Restricted mean survival time (RMST) is an important summary
measure in survival analysis that quantifies the average survival
time from the start of a study to a pre-specified time point (7).
RMST is mathematically defined as the area under the survival
curve within the specified follow-up interval >

Compared with traditional survival metrics, such as hazard
ratios or median survival time, RMST has the major advantage of
not requiring the proportional hazards assumption. As such,
RMST can provide robust, interpretable comparisons between
groups even when the proportional hazards assumption is
violated.®®

In practical applications, the choice of 7 is usually guided by
clinical relevance or the objectives of the study design, for
example, 2 years, 5 years, or the duration of ICU follow-up. Once
chosen, 7 should be kept constant throughout the analysis to avoid
interpretive bias. RMST can be estimated directly from Kaplan-
Meier survival curves or through regression-based methods (e.g.,
pseudo-value methods or rescaling techniques) to perform
covariate-adjusted analyses.>

RMST can be used to compare survival outcomes across
therapeutic interventions or clinical characteristics in ICU
database studies. For example, RMST was used in a study to
compare survival time associated with early albumin plus
crystalloid therapy in patients with sepsis.?

The main advantage of RMST is that treatment effects can be
expressed as absolute differences in survival time, which are often
more clinically interpretable. However, this method has several
limitations. Its results are sensitive to the choice of 7, and
estimates may be unstable when follow-up is short or event rates
are low 0162

Longitudinal and joint modeling

Longitudinal data refer to repeated measurements from the same
subjects at different time points. Such data are used to characterize
the temporal trajectories of variables and their associations with
clinical outcomes.®®* Compared with analyses based on single
measurements, longitudinal data analysis makes better use of time-
dependent information and may improve the precision of risk
assessment and prognostic prediction.

J Transl Crit Care Med

Joint modeling is one of the core methods in longitudinal data
analysis. This framework generally consists of two interlinked
components: a longitudinal submodel, which characterizes the
temporal evolution of repeated measurements, and an event-time
submodel, most commonly based on the Cox proportional hazards
framework, which evaluates the influence of longitudinal changes
on clinical outcomes. Joint models incorporate the unobserved
true values of longitudinal processes into survival analysis to
improve estimation accuracy and account for measurement error.%

Joint modeling has been increasingly used for evaluating the
association of dynamic physiological indicators with clinical
outcomes in critical care database research. For example, a study
of ICU patients with sepsis jointly modeled repeated daily
Sequential Organ Failure Assessment scores and the competing
risks of ICU death and discharge, showing that the evolution of
Sequential Organ Failure Assessment scores was significantly
associated with both risks and enabling dynamic prediction of ICU
outcomes.*

In summary, the advantage of longitudinal data analysis is the
opportunity to quantify within- and between-individual variability
simultaneously and to describe the temporal development of
clinical variables. However, these methods are sensitive to data
completeness because substantial missingness or irregular
measurement intervals can adversely affect model stability and
reliability.%5%¢ Thus, in practical applications, careful study design,
appropriate selection of measurement time points, and rigorous
handling of missing data are required.

Trajectory analysis

Trajectory analysis examines changes in one or more variables
measured repeatedly over time or across age-related dimensions,
such as behaviors, symptoms, or biomarkers.%”

Traditional mixed-effects models estimate average trajectories
for the population, but trajectory analysis extends this concept by
identifying subgroups with different developmental or temporal
trajectories. These subgroups are often considered to represent
different clinical “phenotypes” or developmental trajectories.®®

Trajectory analysis has been extensively applied in critical care
database studies to identify dynamic clinical patterns and enable
patient risk stratification. For example, MIMIC-based studies have
used group-based trajectory modeling to characterize longitudinal
patterns of lactate in patients with sepsis?® and serum sodium in
patients with sepsis and lactic acidosis.?® In another study using
both MIMIC-IV and eICU, 24-hour age-adjusted shock index
trajectories were identified and shown to be associated with 30-
day mortality in patients with septic shock.?’” These studies
demonstrate how trajectory analysis can identify clinically
significant heterogeneity in repeated measurements and inform
prognostic stratification in critically ill populations.

The main advantage of trajectory analysis is that it identifies
heterogeneity in longitudinal datasets and translates complex
temporal patterns into clinically meaningful subgroup
classifications. However, the robustness of the results depends on
sample size, missing data, and the prespecified number of
classes.%” Therefore, robust model selection procedures and
sensitivity analyses are needed to confirm the stability and validity
of the findings.
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Causal inference approaches

Propensity score methods and inverse probability of treatment
weighting

Propensity score-based approaches such as inverse probability of
treatment weighting (IPTW) are widely used to reduce measured
confounding in retrospective cohort studies. IPTW is a causal
inference method based on propensity scores used in observational
studies to adjust for measured confounding and estimate causal
effects of exposures or interventions under appropriate
assumptions. The basis for IPTW is the concept of weighting
individuals by their probability of exposure. Under adequate
overlap, appropriate model specification, and relevant causal
assumptions, [IPTW can improve the balance of measured baseline
covariates in the weighted sample.®

In general, IPTW analysis includes several important steps.
First, a propensity score model is constructed using measured con-
founders, with nonlinear or interaction terms added as needed to
optimize model fit and covariate balance. Second, estimation
instability is reduced by computing stabilized weights and trun-
cating extreme weights when needed. Third, covariate balance is
evaluated after weighting using standardized mean differences or
graphical diagnostics to assess whether systematic differences in
baseline characteristics remain between the exposure groups.
Finally, weighted outcome models (e.g., weighted Cox propor-
tional hazards regression or weighted linear regression) are fitted
to estimate the causal effect of exposure or intervention on clinical
outcomes. "

IPTW has been widely used in critical care database research
for treatment-effect estimation and exposure-outcome analyses.
For example, MIMIC-1V-based studies have applied IPTW to
examine the association between ramelteon exposure and survival
outcomes in critically ill patients with sepsis,?® as well as the asso-
ciation between albumin infusion and clinical outcomes in ICU
patients with cirrhosis and acute kidney injury.?’ By creating
weighted populations with more comparable baseline character-
istics, IPTW can help reduce measured confounding in observa-
tional treatment-effect analyses.

The key advantage of IPTW is that it can approximate some
features of randomized study designs, reduce measured con-
founding, and accommodate various outcome types. However, the
validity of IPTW can be highly sensitive to the specification of the
propensity score model. It is susceptible to extreme weights and
cannot eliminate bias due to unmeasured confounding.”

Causal mediation analysis

Mediation analysis seeks to examine the mechanisms by which an
exposure or intervention may affect an outcome. Methodologic-
ally, mediation analysis breaks down the total effect of an
exposure on an outcome into direct and indirect effects. The direct
effect is the effect of the exposure on the outcome that is not medi-
ated by the mediator whereas the indirect effect is the effect of the
exposure on the outcome that is mediated by the mediator.”!

To conceptualize the causal relationships between variables
clearly, researchers often use directed acyclic graphs (DAGs). In
DAGs, directed arrows represent the assumed causal direction,
and the absence of cycles imposes an acyclic ordering on the
hypothesized causal relationships.” DAGs depict an investigator’s
hypotheses or assumptions about the systems that determine
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exposure, the mechanisms by which exposure affects outcomes,
and the factors that influence study inclusion.”® DAGs distinguish
three types of variables. A confounder causes both the exposure
and the outcome, creating a non-causal association. A mediator
lies on the causal pathway between the exposure and the outcome.
A collider is a common effect of two variables on a path. If a
collider is inadvertently adjusted for, it can introduce bias.”

In mediation analysis, it is important to carefully consider
multiple sources of confounding, including exposure-outcome
confounding, exposure-mediator confounding, and mediator-
outcome confounding.”

Mediation analysis is a commonly used method for
investigating potential biological and clinical mechanisms in
studies utilizing clinical databases. For example, MIMIC-1V
studies have applied causal mediation analysis to investigate the
mediating role of inflammatory markers in the association
between ondansetron pretreatment and mortality in mechanically
ventilated ICU patients,*® as well as the potential mediating effects
of metabolic and electrolyte-related biomarkers in the relationship
between the creatinine-to-albumin ratio and 28-day mortality after
cardiac surgery.’!

The core advantage of mediation analysis is that it helps
identify potential mechanistic pathways thereby enhancing
understanding of the causal processes linking exposures and
outcomes.

Importantly, causal interpretations in mediation analyses are
based on several strong assumptions that are more demanding than
those required for conventional association analyses.” For the
effect estimates from a mediation analysis to be interpreted as
causal, researchers must adequately control for confounding. The
assumptions include: (1) no unmeasured exposure-outcome
confounding, (2) no unmeasured mediator-outcome confounding,
(3) no unmeasured exposure-mediator confounding, and (4) no
exposure-induced mediator-outcome confounding.”® Although
assumptions 1 and 3 are generally satisfied in randomized
exposure studies, assumption 2 can still be violated because the
mediator is usually not randomized.”® Additionally, mediation
analysis requires that the exposure, mediator, and outcome occur
in a clear temporal order. Otherwise, the direction of the causal
relationship cannot be reliably determined.”” The use of DAGs
based on subject-matter knowledge is recommended to support the
identification and selection of relevant confounders.”®

However, the validity of its results depends heavily on adequate
adjustment for confounders and appropriate model specification.
Bias may still be introduced due to unmeasured or residual
confounding. Mediation analyses are therefore often conducted
within a formal causal inference framework and accompanied by
sensitivity analyses to assess the robustness of the results.”*

Target trial emulation

Target trial emulation (TTE) is a framework for causal inference
in the analysis of observational data. TTE seeks to improve the
validity of causal inference by explicitly emulating a hypothetical
randomized controlled trial, or “target trial,” at the design and
analysis stages when actual randomized trials are not feasible or
ethical.}-% TTE usually consists of two main steps. First, the
target trial is explicitly defined in terms of its key components.
These include causal estimands, assumptions, eligibility criteria,
treatment strategies, follow-up periods and analytical approaches.
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Second, these predefined elements are mapped onto observational
data for implementation and analysis.?> Aligning observational
analyses with the structure of a target trial may reduce selection
bias and time-related biases, such as immortal time and survival
bias.36-87

TTE is increasingly applied in clinical database research to
estimate treatment effects in real-world settings. For example, a
MIMIC-IV-based TTE evaluated the association between early
albumin administration and the risk of sepsis-associated acute
kidney injury.?* More recently, a multicenter TTE using MIMIC,
elCU, and an external clinical cohort estimated the effect of
corticosteroid treatment on outcomes in patients with sepsis.®
These studies illustrate the application of TTE to treatment-effect
evaluation using observational critical care data.

The main advantage of TTE is its ability to systematically align
observational analyses with the conceptual framework of
randomized controlled trials, which may reduce certain design-
related and time-related biases when its assumptions are
adequately addressed. The validity of the findings depends
critically on the quality of the underlying data, the availability of
relevant variables, and accurate mapping of clinical pathways. In
addition, TTE remains vulnerable to unmeasured confounding and
challenges posed by complex treatment pathways. Therefore, the
robustness and credibility of TTE-based findings depend on well-
specified trial protocols, meticulous operationalization of
observational data, and comprehensive sensitivity analyses.?588

Artificial intelligence and advanced computational methods

Deep learning

Deep learning encompasses computational models with multiple
hierarchical processing layers that learn increasingly abstract
representations of data. Deep learning is essentially a subset of the
broader class of representation learning, where each nonlinear
layer transforms the representation produced by the previous layer
into a more abstract and informative form.** Deep learning
methods are often applied to outcome prediction and treatment
optimization in clinical database research. For example, a
multicohort study developed and validated a deep learning model
to predict ICU survival using MIMIC-III, eICU, and an external
hospital dataset.>*

Deep learning approaches have also been increasingly
integrated with causal inference frameworks for estimating
individualized treatment effects extending beyond purely
predictive applications. For example, a study using the Dragonnet
architecture assessed individualized mortality risks under different
treatment strategies for ICU patients with atrial fibrillation.?s This
work highlights the transition of deep learning from purely
predictive tasks to broader applications in causal inference and
precision medicine. Deep-learning models often require large
amounts of high-quality training data and may have limited
interpretability because of their complex, black-box nature, which
can hinder their clinical implementation.*’

Ensemble learning

Ensemble learning is a set of methods that combine multiple base
models to improve overall predictive performance. Combining
different algorithms or similar models can reduce bias and
variance, thereby improving model stability and generalizability.’!

J Transl Crit Care Med

Common approaches include bagging (e.g., random forests),
boosting (e.g., XGBoost and LightGBM), and stacking (model
ensembles based on meta-learners).”!

Ensemble learning has been widely used in risk prediction in
clinical research. Its performance and generalizability have also
been assessed through external validation in multicenter settings.
For instance, a multicenter study of sepsis-associated liver injury
externally validated an ensemble-learning model, although its
discrimination was lower in the external validation cohort than in
the training and internal validation cohorts.*® However, ensemble
learning also entails increased computational complexity and the
risk of data leakage.”!

Image-based deep learning

Medical images provide information about anatomical structures
and pathological changes. They are important for lesion
identification, disease diagnosis, treatment planning, and surgical
procedures. In recent years, the rapid development of Al has
advanced medical image analysis.”” These Al systems employ
deep learning models that can learn complex patterns from raw
images and apply them to new cases. Deep learning models have
achieved substantial progress in medical image analysis®® because
of their strong feature-extraction capabilities and generalizability.
In medical image analysis, models such as convolutional neural
networks can directly extract features from raw images (e.g., X-
ray, computed tomography, and magnetic resonance imaging) for
lesion detection, classification, and severity estimation.®?

For example, a MIMIC-CXR-based study developed a weakly
supervised deep learning model to classify the progression of
multiple thoracic abnormalities on chest radiographs and to
localize newly developed abnormalities for several of these
conditions.’” However, the success of deep learning often depends
on large, manually labeled datasets, for which annotation can be
costly.*?

Reinforcement learning

Reinforcement learning (RL) is a ML paradigm in which an agent
learns to make optimal decisions through repeated interactions
with the environment. RL aims to maximize the cumulative
expected reward over time in the context of Markov decision
processes.”

In clinical research, RL has been used to optimize treatment
strategies for critically ill patients. For example, therapeutic
decision-making processes have been modeled for conditions such
as sepsis by combining deep RL algorithms with expert clinical
knowledge to derive personalized treatment strategies.® RL can
model clinical uncertainty and sequential decision-making and
may support personalized treatment strategies and real-time
adaptation of interventions. In intensive care, the availability of
high-granularity patient data makes RL a potentially useful
framework for modeling patient states and optimizing treatment
pathways; however, evidence from prospective clinical evaluation
remains limited.”® Further progress in this field will require
external validation, publicly available source code, and
prospective safety testing of RL.%

Natural language processing

Natural language processing (NLP) is a set of computational
methods that can be used to extract meaningful information from
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unstructured text. In medical database research, NLP is often
applied to clinical notes, nursing documentation, and biomedical
literature to generate additional variables that augment structured
datasets. NLP converts free-form text into machine-readable
structured features, thereby facilitating subsequent statistical
analysis and ML applications.”” A typical NLP workflow consists
of two main stages: text processing and classification. In text
processing, EHR data®® are analyzed to extract keywords,
concepts, and risk factors related to diseases. Next, the extracted
features are evaluated for their ability to discriminate among
clinical states. Finally, informative variables are converted into
structured representations for downstream analysis and predictive
modeling.”

In practice, NLP has been extensively applied to intensive care
databases such as MIMIC. For example, Gu et al.° applied NLP-
based named-entity recognition to clinical and nursing notes from
MIMIC-III to predict hospital-acquired pressure injury, illustrating
how unstructured ICU documentation can be transformed into
features for predictive modeling. This approach can expand the
information available from clinical databases and provide
additional ways of examining clinical questions. NLP can process
large volumes of unstructured text and may support diagnostic and
prognostic applications, although its performance can vary across
tasks, populations, and languages.!”” However, NLP algorithms
face inherent linguistic challenges. For example, many algorithms
struggle with negation; “does not smoke” could be misinterpreted
as “smoker”. Their performance is also limited by incomplete
EHR data and poor interoperability with existing clinical
systems.””

Common methodological issues and challenges in current
research

Data-related issues

Large clinical databases such as MIMIC and eICU are critical
resources for observational research and predictive modeling.
However, data quality has a major influence on the reliability and
validity of study findings. Missing data are among the most
common challenges in these databases. Critical care databases
often contain missing values in laboratory measurements, vital
signs, and nursing notes. Data may be missing not at random.
Thus, simple casewise deletion of missing observations can
introduce substantial selection bias.'”! Multiple imputation and
model-based handling strategies can partially address this issue,
but they may still compromise the stability of estimates in high-
dimensional settings or when missingness is extensive. Studies
should therefore clearly report the proportion of missing data, the
assumptions made regarding the mechanism of missingness, and
the data handling strategies employed.'??

A second major challenge is inconsistency in data standards.
Differences in diagnostic coding practices, laboratory
measurement units, and clinical documentation standards across
healthcare institutions or ICU systems may impede variable
consistency and limit comparability across studies.!?3:1%4

In addition, precise temporal definitions are essential for
longitudinal and causal inference analyses, particularly TTE.
Imprecise definitions of exposure periods or follow-up windows
may introduce immortal time bias or exposure misclassification
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and thus substantially bias causal-effect estimates.?®

Missing data, inconsistent data standards, and inaccurate
temporal definitions are among the greatest challenges in large-
scale database research. To ensure reproducibility and scientific
credibility, researchers should describe data sources, variable
definitions, missing-data handling, and time windows in the
Methods section. They should also address potential biases and
their implications for interpretation.

Bias and confounding

Bias and confounding are major methodological challenges in
large-scale clinical database studies, with direct implications for
the validity of causal inference. Bias-related concerns include
selection bias, information bias, and confounding. Confounding
occurs when a third variable affects both the exposure and the
outcome, thus distorting the estimated causal relationship.
Information bias is usually linked to measurement errors, such as
inaccurate diagnostic coding or incomplete clinical records.
Selection bias occurs when there are systematic differences
between the study sample and the target population.'®

These issues occur at all stages of the research process,
including study design, data preprocessing, statistical analysis, and
interpretation of results. Common strategies to mitigate bias
include clearly defining inclusion and exclusion criteria to
minimize selection bias, rigorously standardizing exposure,
outcome, and covariate definitions to reduce information bias, and
using approaches such as multivariable regression, propensity
score methods, IPTW, instrumental variable analysis, or TTE to
address confounding. In addition, sensitivity analyses should be
performed to evaluate the robustness of the findings. Potential
sources of bias and their possible impact should be reported
transparently.

Issues related to statistical analysis and modeling

In large-scale database research, the statistical analyses and
models themselves can introduce important methodological
problems. The most common problems are the inappropriate
variable selection and the lack of model validation.

For example, in high-dimensional data settings, inadequate
selection of candidate variables may lead to substantial
multicollinearity, which in turn results in unstable parameter
estimates and degraded predictive performance. Regularization
techniques commonly used for variable selection and
dimensionality reduction include least absolute shrinkage and
selection operator regression and elastic net, which may improve
model robustness and generalizability.'%

Second, many studies are limited by poor model validation,
especially the lack of external validation and incomplete reporting
of model performance metrics. For example, some studies report
only discrimination measures, such as AUC, but do not report
calibration performance and clinical utility, thereby limiting
assessment of the model’s clinical applicability.'’”” Model
reliability can be improved using internal validation methods such
as bootstrap resampling or cross-validation during model
development. Where possible, researchers should also conduct
external validation. In addition, studies should report
discrimination, calibration, and overall model performance metrics
systematically and comprehensively.!'?
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Issues specific to causal inference

Causal inference in database research presents several specific
methodological challenges. The primary limitation is unmeasured
confounding. While approaches such as propensity score
adjustment and IPTW can enhance balance on observed
covariates, they cannot account for unmeasured confounders. This
may result in biased estimates of the causal effect.”’

Temporal biases, especially immortal time bias and survival
bias, are also common when exposures change over time or when
the intervention starts at different time points. For example, if
exposure is defined as “receiving medication during
hospitalization,” patients who die before treatment begins may be
excluded from the exposed group, which can lead to an
overestimation of the treatment effect.?

To improve the validity of causal inference, researchers should
clearly define exposures, outcomes, and temporal windows, select
analytical methods carefully, evaluate covariate balance
rigorously, and conduct sensitivity analyses to evaluate the
potential impact of unmeasured confounding.

Future directions and recommendations

As research using large clinical databases expands, future progress
may center on three major areas: data integration, methodological
refinement, and multimodal applications.

First, analyses based on a single database, such as MIMIC or
elCU, are insufficient to ensure generalizability. Therefore, cross-
database integration and multicenter collaborative analysis will be
important for improving external validity and evaluating
transportability. For instance, Chen ef al.'®® used an “in-house
development plus dual external validation” framework integrating
data from the Peking Union Medical College Hospital cohort,
MIMIC-1V, and eICU to assess the robustness of the blood
pressure response index as a marker of vasopressor
responsiveness, illustrating multi-database collaborative modeling.

Future cross-database studies should clearly report the
following for each data source: database version, data collection
period, cohort selection criteria, and variable extraction
procedures.!” Before combining datasets from different sources,
researchers should address heterogeneity at the syntactic,
structural, and semantic levels by aligning variable definitions,
coding systems, units of measurement, and temporal
frameworks.!?

Second, refining the methodology should entail more than
adopting individual statistical techniques. It should also promote
closer alignment among research questions, analytical
frameworks, and relevant reporting standards. From a causal
inference perspective, frameworks such as TTE and DAGs have
considerable potential to improve study design, clarify causal
assumptions, and minimize biases resulting from inappropriate
temporal alignment or covariate adjustment. However, these
frameworks are underutilized in critical care database research.
Therefore, their broader and more rigorous application should be
encouraged to improve the interpretability of causal observational
findings. Meanwhile, the increasing use of advanced analytical
methods should be accompanied by reporting guidelines
appropriate to the study design and analytical objective. For
instance, retrospective cohort studies should adhere to the
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STROBE statement,'!! and those based on routinely collected
health data should also follow the RECORD extension.'’ Studies
explicitly emulating a target trial should adhere to the TARGET
statement,® and those developing clinical prediction models using
regression or machine-learning methods should adhere to the
TRIPOD+ALI statement.!'? For example, a MIMIC-IV-based study
used a TTE framework combined with the clone-censor-weighting
approach to evaluate the association between early albumin
administration and the risk of sepsis-associated acute kidney
injury, while addressing time-related biases such as immortal time
bias and prevalent-user bias.*

Multimodal Al has emerged as a promising approach to critical
care database research. Healthcare data are inherently multimodal,
including structured EHRs, medical imaging, physiological
waveforms, and unstructured clinical text. Each of these provides
complementary information about a patient’s clinical status.!!3114
Notably, multimodal data integration may improve predictive
performance and more closely approximate human expert
decision-making by providing a more valid basis for clinical
decisions.!’s For example, one study using the MIMIC-CXR
database used a deep learning and transfer learning approach to
automatically extract the labels from the radiology reports via
weakly supervised learning. This method may help identify
dynamic changes in pulmonary lesions and provide useful
information for clinical decision-making.?’

Despite these promising findings, the number of studies devel-
oping multimodal Al models in clinical settings remains limited.
Unimodal approaches continue to dominate the field.''® The adop-
tion of multimodal Al in medical research also faces several chal-
lenges, including incomplete and heterogeneous data, as well as
limited standardization and model interpretability.''®!!” Further-
more, critical care EHR databases pose additional challenges,
including missingness, irregular sampling, and potential measure-
ment or classification errors, which may introduce information
biag 118119

To address the challenges, future efforts should focus on sev-
eral areas. First, data quality and standardization should be
strengthened through rigorous preprocessing and harmonization.
Second, model interpretability and clinical trustworthiness should
be enhanced. More studies are adopting explainable ML tech-
niques, such as Shapley additive explanations, to elucidate model
predictions. Such interpretability is important for fostering clini-
cian acceptance and enabling safe deployment.!?*1?! Third, rig-
orous external validation is important. External validation helps
assess whether models generalize beyond their development
cohorts and perform reliably across diverse populations and clin-
ical settings, facilitating the transition from single-center to multi-
center applications.'?? Targeted solutions are required to address
the specific challenges posed by critical care databases. To address
high missingness and irregular sampling, deep learning architec-
tures that directly model irregularly sampled time series may com-
plement conventional imputation methods such as multiple
imputation.!**»1?* Additionally, causal inference frameworks, such
as TTE, can be used to address time-varying treatments and time-
dependent confounding. These frameworks structure observational
analyses to emulate randomized trials, potentially reducing biases,
including immortal time and selection bias.'?
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Strengths and limitations

This review integrates commonly used and emerging methods
across five pragmatic domains and emphasizes method selection,
validation, and reporting considerations. It also has several
limitations. First, because it is a narrative review rather than a
systematic one, the selection of topics was guided by the existing
literature and the authors’ expertise rather than by a formal search
and selection protocol. Therefore, relevant methods or studies may
have been omitted. Second, the review focuses primarily on
methods commonly or increasingly used in critical care database
research. It does not cover all specialized causal inference or
emerging computational approaches in depth. Third, while clinical
text, medical imaging, and multimodal data are discussed, the
review focuses more heavily on structured clinical data and
provides less detailed coverage of physiological waveforms and
other high-frequency data. Fourth, the five-domain framework is
intended to be a practical organizational structure, rather than
mutually exclusive categories, so some methods may fit within
more than one domain. Finally, space constraints precluded a
detailed discussion of implementation procedures, diagnostics, and
software-specific considerations.

Conclusions

Future database research should focus on continued advances in
data integration, refinement of causal inference methods,
standardization of statistical modeling, and expansion of
multimodal Al applications to improve the scientific rigor and
translational value of large-scale clinical database research.
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