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Choosing Exploratory, Predictive, or Causal Multivariable Models
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Abstract: Background: Multivariable regression is widely used in biomedical research, but models built for different
purposes are often treated as if they were interchangeable. This confuses variable handling, covariate adjustment,
model evaluation, and interpretation.

Objective: To provide a practical guide for clinicians, biomedical researchers, and collaborating statisticians on how to
choose and report multivariable models according to whether the aim is exploratory, predictive, or causal.

Methods: We prepared a narrative methodological tutorial using a targeted search of PubMed, Scopus, and Google
Scholar, together with key textbooks and reporting guidance (STROBE, TRIPOD+AI, and PROBAST+AI). We prioritized
seminal papers and recent methodological references (2021-2025) on variable prespecification, continuous predictors,
validation, calibration, and causal diagrams. lllustrative examples are simulated and are used only for didactic purposes.

Results: The first step is to state the analytic objective explicitly. Exploratory models are used to describe adjusted
associations and generate hypotheses; predictive models aim to estimate individual risk and therefore require attention
to discrimination, calibration, and internal/external validation; causal models aim to estimate an effect and should rely on
temporality, substantive knowledge, and directed acyclic graphs (DAGs) to define adjustment sets. Across objectives,
arbitrary dichotomization and univariable screening are discouraged. Continuous predictors should usually be kept on
their original scale, with flexible functions such as restricted cubic splines when nonlinearity is plausible. Penalization is
generally preferable to stepwise procedures when overfitting is a concern in prediction, whereas full theory-based
models are often preferable in causal analyses.

Conclusions: The research question should determine the model, not the reverse. A practical workflow is to define the
objective first, prespecify candidate variables, choose a functional form that preserves information, and evaluate the
model with objective-specific criteria. Clear separation of exploratory, predictive, and causal aims improves transparency,

interpretability, and clinical usefulness.

Keywords: Models, Statistical, Regression Analysis, Causality, Confounding Factors, Epidemiologic, Calibration,

Decision Support Techniques.

INTRODUCTION

Multivariable regression models are central tools in
biomedical and epidemiologic research because they
can summarize adjusted associations, estimate
individual risk, and, under explicit assumptions, support
causal inference. The problem is that these objectives
are often treated as if they required the same
model-building strategy, even though they do not. The
research question should therefore be specified before
choosing covariates, functional forms, model-
comparison criteria, and performance measures [1].

In applied work, the consequences of conflating
objectives are substantial. Cross-sectional studies
frequently report adjusted associations as if they were
causal effects, despite limited temporality and
persistent risks of confounding, selection bias, and
reverse causation [2-4]. Likewise, regression
coefficients for adjustment variables are often
interpreted as 'independent effects,' even when those
variables entered the model only to control
confounding or stabilize estimation; this is the classic
Table 2 fallacy [3].
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Prediction studies have a different failure mode.
Many still rely on univariable screening or automated
stepwise procedures, and then report only
discrimination, often the area under the receiver
operating characteristic curve (AUC), without adequate
assessment of calibration, optimism, or external validity
[6,6]. Causal studies fail in another direction:
indiscriminate adjustment for all available variables can
block mediating pathways, open collider bias, or
remove clinically relevant total effects from the
estimand of interest [7,8].

Existing tutorials usually focus on a single
framework, for example prediction-model development,
causal inference, or variable selection, rather than
helping applied investigators decide which framework
is appropriate for their question. This manuscript is
intended for clinicians, biomedical researchers, and
collaborating statisticians who need a practical starting
point. Its novelty is not a new algorithm, but an
integrated decision framework that contrasts
exploratory, predictive, and causal modeling in the
same article, adds early visual decision aids, and
illustrates recommendations with clearly simulated
examples [5,8,53-60].

Accordingly, the aim of this tutorial is to provide a
practical methodological guide to multivariable
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modeling in biomedical research. We emphasize four
linked decisions: defining the analytic objective,
prespecifying candidate variables, handling continuous
predictors without unnecessary information loss, and
choosing evaluation criteria that are coherent with the
intended use of the model.

METHODS

This article is a narrative methodological tutorial
rather than a systematic review. It was designed to
translate statistical principles into applied decisions that
are relevant to clinicians, biomedical researchers, and
statisticians involved in observational and prognostic
studies.

To develop the tutorial, we performed a targeted
search in PubMed, Scopus, and Google Scholar from
database inception to January 2026, with an update
focused on 2021-2025 to capture recent
methodological guidance. Search terms combined
concepts related to multivariable regression, variable

prespecification, penalization, stepwise selection,
restricted cubic splines, fractional polynomials,
calibration, internal validation, external validation,

confounder selection, directed acyclic graphs, and
g-methods. We also consulted major methodological
textbooks and reporting guidance, particularly

STROBE, TRIPOD+AI, and PROBAST+AI [5,10,52,60].

References  were selected purposively  for
methodological authority, relevance to biomedical
applications, and complementarity across exploratory,
predictive, and causal objectives. Because the goal
was practical synthesis rather than evidence grading,
no formal risk-of-bias assessment was undertaken.

All numerical examples in the present article are
simulated. Sample sizes, coefficients, and performance
measures were chosen to resemble plausible

biomedical scenarios, but they do not come from real
participants or original datasets. These examples are
intended only to demonstrate the consequences of
different modeling decisions.

A Practical Starting Point: Define the Model

Objective

Before deciding how to build a model, investigators
should answer a simpler question: what decision
should this model support? If the aim is to describe
adjusted associations or generate hypotheses, the
model is exploratory. If the aim is to estimate an
individual's future risk or prognosis, the model is
predictive. If the aim is to estimate what would happen
under an exposure or intervention strategy, the model
is causal. The same dataset can sometimes support
more than one objective, but not with the same
specification, adjustment strategy, or interpretation
[1,5,8].

Figure 1 provides a simple starting workflow, and
Table 1 summarizes the main dos and don'ts for each
objective. These distinctions are practical, not semantic.
Once the objective is stated clearly, choices about
variable pre-specification, shrinkage, validation, and
interpretation become more coherent.

Prespecification of Candidate Variables

We use the term prespecification consistently to
mean the definition, before inspecting outcome
associations, of which variables are candidates for the
analysis and how they will be measured.
Prespecification  reduces unnecessary analytic
flexibility and keeps model building aligned with
substantive knowledge rather than post hoc
convenience.

}Nhat is the main purpose of the model%

“

Describe adjusted
associations or generate
hypotheses

Predict an individual's
future risk or prognosis

S

Estimate the effect of an
exposure or intervention

Exploratory model

* Non-causal interpretation
+ Parsimony and stability
* Bootstrap can reveal
sample-dependence

Predictive model

* Use predictors available
at the prediction time
* Report calibration and
discrimination
* Penalization is often useful

Causal model

» Define the estimand and
respect temporality
* Use DAGs for adjustment
+ Do not choose confounders
by p values alone

Figure 1: Practical Flow Diagram for Choosing the Model Objective.
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Table 1: Practical dos and don'ts According to the Modeling Objective
Objective Typical question Priorities (do) Common errors to avoid
Exploratory Which variables are Prespecify plausible candidates; use parsimonious Causal language; univariable
associated with the outcome models; report confidence intervals and stability; screening; presenting unstable
in this setting? interpret coefficients as associations. data-driven findings as definitive.
Predictive Can | estimate an individual's Use predictors available at the time of prediction; Relying only on p values or AUC;
future risk or prognosis? preserve continuous scales; report calibration and using random split-sample validation
discrimination; perform internal and external as the only check; ignoring calibration.
validation.
Causal What is the effect of X on Y? Define the estimand and temporality; use DAGs to | Choosing confounders by significance
choose adjustment covariates; keep confounders or AIC/BIC; adjusting for mediators or
on informative scales; perform sensitivity analyses. colliders; causal claims when
temporality is unclear.

Abbreviations: AIC, Akaike information criterion; AUC, area under the receiver operating characteristic curve; BIC, Bayesian information criterion; DAG, directed

acyclic graph.

In practice, prespecification should consider
temporality, measurement quality, missing-data burden,
feasibility of routine measurement, and sufficient
variability. Rare categories, sparse combinations, or
poorly measured variables can produce unstable
estimates even before any formal selection procedure
is attempted. For binary outcomes, investigators should
anticipate separation problems and overly sparse cells
when the sample or event count is limited [15].

The content of prespecification depends on the
objective. In causal analyses, candidate covariates
should be guided by the assumed data-generating
mechanism and by the need to control confounding
without conditioning on mediators or colliders [8,16]. In
predictive analyses, candidate predictors should be
available at the time of prediction, reproducible in
practice, and proportionate to the amount of
information in the data [5,17,57]. In exploratory
analyses, prespecification can be broader, but it should
still be clinically motivated and explicitly presented as
hypothesis generating.

Variable Selection in Practice

Once candidate variables have been prespecified,
investigators must decide whether the final model
should retain them all or apply some form of reduction.
There is no universally best strategy; the preferred
approach depends on the model objective, the amount
of information in the data, and the cost of overfitting.

Full or theory-based models are often preferable
when the candidate set is small to moderate, when
predictors were chosen a priori for substantive reasons,
or when the analysis is causal and the adjustment set
is defined by a DAG or other explicit causal theory. In
these settings, the main risk is usually bias from
omitting an important variable rather than inefficiency
from keeping it [8,16,19].

Penalization methods, especially ridge, least
absolute shrinkage and selection operator (LASSO),

and elastic net, are most useful when the model is
predictive, the candidate set is relatively large, or
substantial correlation among predictors is expected.
These methods shrink coefficients, reduce overfitting,
and typically outperform classic stepwise procedures
when generalization is the goal [19,22,23,39,59].
Hyperparameters should be chosen through internal
validation, usually bootstrap resampling or
cross-validation.

Classic univariable screening and stepwise
procedures remain common but should be used with
caution. Univariable filters ignore joint confounding and
correlation structures; stepwise procedures amplify
instability, produce biased coefficients, and encourage
an illusion of certainty. Recent critiques of kitchen sink
regression emphasize that automated selection based
only on p values or information criteria is rarely
compatible with a meaningful causal interpretation and
often performs poorly for applied prediction as well
[18,19,58].

Bootstrap resampling is helpful because it makes
model instability visible. Selection frequencies should
be interpreted as descriptive evidence of robustness
rather than rigid pass/fail criteria: very high frequencies
suggest that a result is comparatively stable in the
available data, intermediate frequencies indicate
meaningful sample dependence, and low frequencies
signal that any associated finding should remain clearly
hypothesis generating [19,21].

Continuous Predictors:
Possible

Keep the Scale When

Continuous predictors should usually remain
continuous in multivariable models. Dichotomization
and other coarse categorization strategies are
attractive because they appear simple, but they replace
a potentially smooth biological relationship with abrupt
artificial jumps, reduce statistical power, and can leave
important residual confounding when a continuous
confounder is categorized [9,25,26].
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For non-technical readers, the practical distinction
between the two most common flexible approaches is
simple. Restricted cubic splines (RCS) draw a smooth
curve by joining polynomial segments between
prespecified knots; they are often the easiest flexible
option to prespecify and are particularly attractive when
the goal is confounding control or transparent applied
modeling. Fractional polynomials (FP) search a small
set of transformations and can achieve parsimonious
nonlinear fits with few parameters, but they are typically
more outcome driven and therefore require careful
internal validation [27-29].

Categorization can still have a role in
communication after the model is fit, for example
reporting age groups in a descriptive table, using
established public-health categories such as body
mass index groups, or translating predicted risks into
low/intermediate/high risk bands for decision-making.
That communicative role should not be confused with
the analytic representation used inside the regression
model. Figure 2 and Table 2 summarize the practical
implications.

Applied use of AIC and BIC

Akaike's information criterion (AIC) and the
Bayesian information criterion (BIC) are tools for
comparing competing models fitted to the same
outcome and, ideally, the same analytic sample.
Smaller values indicate a more favorable trade-off
between fit and complexity, with BIC penalizing
additional complexity more strongly than AIC [31-36].

In applied biomedical work, these criteria are most
useful for comparing reasonable exploratory or
predictive specifications, for example a linear term
versus a spline, or two prespecified predictor sets.
They do not replace internal validation, calibration
assessment, or subject-matter reasoning. Most
importantly, they should not be the primary basis for
choosing confounders in causal models, because a
causally necessary variable can be omitted simply for
failing to improve global outcome fit enough to satisfy
the criterion [8,16,30].

Exploratory Modeling

Exploratory models are appropriate when the
purpose is to describe adjusted associations or

Table 2: Practical Options for Handling Continuous Predictors.

Approach When it is most useful

Main advantage Main caution

Linear term . S
or information is limited.

When a roughly linear effect is plausible

Can miss important

Easy to interpret; parsimonious. nonlinearity.

Restricted cubic splines
or confounding control matters.

Default flexible option in many applied
analyses, especially when transparency

Smooth fit with prespecified
flexibility; usually easy to explain
graphically.

Consumes extra degrees of
freedom and should still be
validated.

When a parsimonious nonlinear
Fractional polynomials
validation is feasible.

representation is desired and internal

Usually more outcome
driven; instability is possible
in smaller samples.

Flexible with few parameters.

Categorization for

L clinically familiar groups or decision
communication only

bands.

After model fitting, to present results in

Should not replace
continuous modeling in the
main analysis.

Useful for communication and
bedside interpretation.

Simulated data

=== Underlying relationship
= Restricted cubic spline
0.6 1 .
Linear term
g —— Categorized predictor
S 0.5 1
5
o
2.0.44
=
8
S 0.3
Qo
el
3
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@
a
”
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Continuous predictor

Figure 2: Simulated lllustration of a Continuous Predictor: Categorization Forces Abrupt Risk Jumps, whereas a Spline

Preserves the Continuous Pattern.
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generate hypotheses in a setting where uncertainty
genuinely remains. They can be useful in understudied
populations, with new measurements, or when the
main value of the study lies in identifying patterns that
warrant confirmation in later research. Their key
limitation is interpretive: associations from these
models should not automatically be treated as causal
effects [1-3].

This point is especially important in cross-sectional
studies. Even when many variables are entered
simultaneously, the resulting coefficients do not
become independent causal effects merely because
mutual adjustment was performed. Temporality may
remain ambiguous, and the same model cannot
guarantee the correct confounding set for every
coefficient shown in the Tables 2,3.

Model complexity should be planned in relation to
the available information. The traditional rule of at least
10 events per variable (EPV) is best treated as a rough
warning sign, not a universal threshold. Contemporary
sample-size work emphasizes that performance also
depends on the total sample size, the number of
estimated parameters, outcome prevalence, predictor
distributions, and the degree of shrinkage used in the
model [17,37,38,57]. When EPV is limited, the safest
strategy is often a small full model with clinically
prespecified variables. When the information content is
larger, carefully supervised reduction can be
considered, but the results should remain explicitly
hypothesis generating.

lllustrative Simulated Example 1

Consider a cross-sectional survey of hospital
physicians and nurses designed to describe factors
associated with moderate-to-severe  depressive
symptoms. Because the purpose is exploratory rather
than causal or prognostic, candidate variables are
prespecified from the literature, a parsimonious initial
full model is fitted, and bootstrap resampling is used to
describe which associations are most stable across
resamples. Table 3 presents a simplified simulated
result summary.

Predictive Modeling

Predictive modeling aims to estimate an individual's
future outcome risk at a clearly defined prediction
moment and over a clearly defined time horizon. Here,
the relevant question is not whether a single coefficient
is statistically significant, but whether the model
produces useful and transportable predictions. That
requires attention to both discrimination and calibration,
together with internal and external validation
[5,6,39,40,53-60].

A useful practical distinction is whether the study is
evaluating the incremental contribution of a new
prognostic factor or developing a full multivariable
prediction model. In the first situation, a clinically
justified base model should usually be prespecified,
and the new factor should be evaluated by its
contribution to overall performance rather than by its p
value alone. In the second situation, greater flexibility is
acceptable, but only if accompanied by shrinkage,
validation, and transparent reporting [5,39,40,56,59].

When the candidate set is modest and strongly
justified clinically, a full model with global shrinkage can
be entirely reasonable. When the candidate set is
larger, when predictors are correlated, or when flexible
terms are needed for several continuous variables,
penalization is usually preferable to stepwise
elimination. Penalization is therefore most useful when
the practical concern is overfitting, whereas full models
are most useful when the practical concern is
preserving an a priori clinically justified predictor set
[19,22,23,39,56,59].

A simple step-by-step workflow is often helpful:

1. Define the prediction moment, the outcome, and
the time horizon.

2. Prespecify predictors that would truly be
available when the model is used.

3. Handle missing data appropriately and keep
continuous predictors continuous whenever

possible.

Table 3: Simulated Exploratory Example: Factors Associated with Moderate-to-Severe Depressive Symptoms.

Variable Full model aPR (95% Cl) Reduced model aPR (95% ClI) Bootstrap inclusion
Age (per 10 years) 1.06 (0.96-1.18) - 31%
Night shift 1.54 (1.17-2.03) 1.51(1.16-1.97) 84%
Patients per shift (per 5) 1.11 (0.99-1.24) 1.10 (0.98-1.23) 62%
History of mental disorder 2.39 (1.87-3.06) 2.35(1.84-3.00) 97%
Risky alcohol use 1.18 (0.91-1.53) - 43%
Social support (per 10 points) 0.80 (0.72-0.89) 0.81 (0.73-0.89) 91%

Abbreviation: aPR, adjusted prevalence ratio. Bootstrap frequencies are descriptive summaries from 500 resamples and should not be used as rigid cutoffs.
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4. Develop the model, and quantify optimism with
bootstrap resampling or cross-validation.

5. Report discrimination and calibration together,
not one without the other.

6. Evaluate transportability in new data through
external validation, and recalibrate or update the
model if needed.

Internal validation reuses the development data
through resampling to estimate optimism and
overfitting. External validation tests the model in
genuinely new data, ideally differing by setting, time, or
investigators. A random split of a single dataset is
usually a weak form of validation because it wastes
data for development and does not truly test
transportability; temporal or geographic validation is
more informative [53,54,56,59].

Calibration deserves explicit attention because a
model can discriminate reasonably well and still give
systematically wrong absolute risks. Practical
assessment should include a calibration plot plus
summary measures: the calibration intercept, ideal
value 0, where positive values suggest underprediction
and negative values suggest overprediction; and the

calibration slope, ideal value 1, where values below 1
suggest predictions that are too extreme and values
above 1 suggest predictions that are too moderate. The
Hosmer-Lemeshow test should not be relied on in
isolation because it is strongly sample-size dependent
[6,53,54].

lllustrative Simulated Example 2

Suppose a prospective cohort of outpatients with
chronic heart failure is used to predict 1-year
hospitalization risk. Candidate predictors are
prespecified from the literature, continuous variables
are represented with restricted cubic splines when
needed, and the full predictor set is penalized with a
ridge-type Cox model to reduce optimism. Table 4
summarizes the main predictor representations, and
Table 5 shows model performance across
development and validation samples.

Causal Modeling

Causal modeling aims to estimate the effect of an
exposure or intervention on an outcome under explicit
assumptions about what would happen under different
exposure strategies. The focus is therefore not to
predict best and not to screen variables for statistical

Table 4: Simulated Predictive Example: Main Predictor Representations in a Penalized Cox Model.

Predictor Representation in the model

lllustrative adjusted HR (95% CI) Practical comment

Age Restricted cubic spline

1.20 (1.08-1.33) per 10 years Risk rose more steeply at

older ages.

Left ventricular ejection
fraction

Restricted cubic spline

Lower values were
associated with higher risk.

0.80 (0.72-0.89) per 10% higher

NYHA functional class Ordinal categories

Class IV vs I: 3.06 (2.05-4.57) Clear severity gradient.

Serum sodium Linear term

0.86 (0.78-0.95) per 3 mEg/L higher

Lower sodium indicated
worse prognosis.

Creatinine Restricted cubic spline

1.21 (1.10-1.33) per 0.5 mg/dL higher

Risk increased nonlinearly at
higher values.

Loop diuretic use Binary term

1.36 (1.10-1.68) Marker of disease severity.

Previous hospitalization 0/1/>=2

>=2 vs 0: 2.44 (1.91-3.12) Strong recurrence gradient.

Abbreviation: HR, hazard ratio. The complete candidate set was retained and shrunk through penalization; the table displays the clinically most influential predictors

for interpretation.

Table 5: Simulated Predictive Example: Discrimination and Calibration in Development and Validation Cohorts.

Metric Development

(n=2000)

External validation
(n=850)

Internal validation
(n=1000)

Harrell's C (95% Cl) 0.762 (0.741-0.783)

0.748 (0.721-0.775) 0.731 (0.704-0.758)

Calibration slope 1.00

0.92 0.89

Calibration intercept 0.00

0.03 0.05

Main interpretation Apparent performance before optimism

correction.

Mild optimism; acceptable
calibration.

Reasonable transportability with
slight overprediction.

Internal validation was based on temporal splitting plus bootstrap assessment of optimism. External validation corresponds to an independent center.
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Figure 3: Simulated Calibration Plot for the External Validation Cohort.

significance, but to identify a defensible adjustment set
for the causal estimand of interest [4,7,8,16,43].

For applied researchers, a directed acyclic graph
can be understood simply as a diagram of assumed
cause-effect arrows. Its practical value is that it helps
answer three questions before the model is fitted:
which variables should be adjusted for because they
confound the exposure-outcome relation, which
variables should usually not be adjusted for if the total
effect is of interest because they are mediators, and
which variables can create bias if conditioned on
because they are colliders [8,44,45].

Temporality is non-negotiable. The exposure must
precede the outcome, and the presumed confounders
must be measured before, or at least not after, the
exposure-outcome process they are intended to control.
Continuous confounders should remain continuous

Sqciceconomi

status

whenever possible, ideally with simple prespecified
flexible forms to reduce residual confounding [8,16,26].

When the confounder set is large relative to the
information available, the starting point should still be
the minimal sufficient adjustment set implied by the
causal model. Pragmatic tools such as propensity
scores or augmented backward elimination may help
with implementation, but they do not replace causal
reasoning and should not be confused with proof that a
model is causally valid [24,46,47].

lllustrative Simulated Example 3

Consider a cohort study evaluating whether regular
night work increases the 5-year incidence of
hypertension. Age, socioeconomic status, task type,
smoking, alcohol use, baseline body mass index, and
Family history are treated as confounders according to

Sickness
absence
Gray arrows: confounding stiw e~ Blue arrow: effect of interest Purple path: mediator Red structure; collder

Figure 4: Simplified Directed Acyclic Graph for a Simulated Causal Example Evaluating Night Work and Hypertension.
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Table 6:

Simulated Causal Example: Effect of Night Work on Incident Hypertension

Model

Adjusted HR (95% Cl)

Interpretation

Crude model

1.39 (1.12-1.73)

Unadjusted association.

Age and sex only

1.31 (1.06-1.61)

Residual confounding remains likely.

Full DAG-based confounder set

1.24 (1.01-1.52)

Primary causal estimate for the total effect.

Full set + mediator

1.18 (0.96-1.45)

Likely overadjustment because part of the
causal pathway is blocked.

Full set + collider

1.34 (1.09-1.65)

Estimate inflated by collider bias.

Alternative DAG sensitivity analysis

1.25 (1.02-1.54)

Result remained similar under a plausible
alternative structure.

Abbreviation: HR, hazard ratio. The E-value for the primary estimate was 1.78, suggesting that a moderately strong unmeasured confounder would be needed to fully

explain the association.

the DAG. Intermediate blood pressure during follow-up
is treated as a mediator, and sickness absence is
treated as a collider. The primary model therefore
retains the DAG-based confounder set regardless of
individual p values. Table 6 illustrates how the estimate
changes under alternative, and sometimes incorrect,
adjustment choices.

Short Note on Time-Varying Confounding

A special challenge arises when confounders vary
over time and are themselves affected by prior
exposure. In this setting, standard regression
adjustment can be biased even when many variables
are measured correctly. G-methods, including the
g-formula, marginal structural models, and doubly

robust approaches, were developed for these
scenarios [48-51].
Because these methods require stronger

assumptions and more specialized implementation, a
full treatment is beyond the scope of this practical
tutorial. For most applied readers, the key message is
simpler: if exposure and confounding both evolve over
time with feedback between them, ordinary regression
may be inadequate and dedicated causal-methodology
support is advisable [43,49-51].

CONCLUSIONS

This tutorial suggests a simple rule: begin by
deciding whether you want to explore associations,
predict individual risk, or estimate a causal effect. Once
that choice is explicit, most modeling decisions become
easier and more transparent.

In exploratory work, prioritize a defensible scientific
rationale, parsimony, and stability assessment. In
prediction, prioritize  calibration,  discrimination,
shrinkage, and external validation. In causal analyses,
prioritize temporality, the estimand, and theory-based
adjustment guided by DAGs. Across all objectives,
avoid univariable screening and arbitrary

dichotomization whenever possible. These steps do
not make modeling easy, but they make it more
credible, interpretable, and useful for biomedical
decision-making.
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