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Introduction

Beatriz Romero , Ines Castillo , Arturo Medina , Lucia Vega1 1* 2 1

Chemotherapy remains a cornerstone of cancer treatment, but it is frequently associated with severe toxicities, with
30–80% of patients experiencing grade 3–4 adverse events that may require dose reduction, treatment delays, or
hospitalization. While machine learning models have shown strong potential in predicting chemotherapy-related
toxicities using electronic health records, genomic data, and clinical variables, most existing approaches generate only
point estimates (e.g., a single risk probability) without quantifying uncertainty, limiting their clinical reliability. Such
miscalibrated predictions can lead to overconfident risk underestimation or excessive caution, both of which may
negatively impact treatment decisions and patient outcomes. This manuscript proposes a conceptual framework that
integrates neural network-based toxicity prediction with adaptive conformal prediction to produce calibrated, patient-
specific prediction intervals with formal coverage guarantees. The framework combines a feedforward neural network
for risk estimation, a non-conformity score to measure how atypical a patient is relative to the training data, and an
adaptive calibration mechanism that updates interval thresholds over time to reflect shifts in patient populations and
clinical practice. This design enables narrower intervals for well-represented, predictable cases and wider intervals for
atypical or high-uncertainty patients, thereby making prediction reliability explicit. Importantly, the method provides
finite-sample coverage guarantees without requiring distributional assumptions, ensuring that true toxicity outcomes
fall within the predicted intervals at a user-specified confidence level. By transforming point predictions into
uncertainty-aware, clinically interpretable intervals, the framework supports more robust, risk-stratified decision-
making in chemotherapy planning and moves toward safer, more trustworthy AI-assisted oncology care.

1

2

Chemotherapy-induced toxicities represent a major source
of morbidity and mortality in cancer care, with severe
adverse events including febrile neutropenia, cardiotoxicity,
peripheral neuropathy, chemotherapy-induced nausea and

vomiting, and acute kidney injury occurring frequently
across treatment regimens [1, 2]. These toxicities not only
compromise patient quality of life but also force oncologists
to reduce chemotherapy doses, delay treatment cycles, or
discontinue curative-intent therapy altogether, potentially
compromising long-term oncologic outcomes. The inter-
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individual variability in toxicity susceptibility—driven by
genetic polymorphisms, comorbidities, organ function, and
concomitant medications—makes accurate, personalized
risk prediction essential for optimizing the therapeutic index
of chemotherapy. Existing clinical risk scores such as the
Chemotherapy Assessment Score (CASS), CRASH score,
and SAFE score provide population-level risk stratification
but lack the granularity needed for truly individualized
decision-making [3].

Machine learning approaches have demonstrated
substantial improvements over traditional risk scores in
predicting chemotherapy toxicities, with models based on
logistic regression, random forests, gradient boosting, and
neural networks achieving strong discriminative
performance for neutropenia, neuropathy, and cardiotoxicity
prediction [4, 5]. However, these models overwhelmingly
produce point predictions—a single number representing
the estimated probability of toxicity—without quantifying the
uncertainty associated with that estimate. In clinical
practice, a prediction of 25% risk of febrile neutropenia
carries fundamentally different implications depending on
whether the model is highly confident (e.g., the prediction
derives from patients with near-identical clinical profiles in
the training data) or profoundly uncertain (e.g., the patient
has a rare combination of risk factors unseen during model
development). The inability to communicate this distinction
undermines clinician trust in machine learning predictions
and limits their clinical utility for high-stakes decisions such
as prophylactic growth factor administration or
chemotherapy dose modification.

Table 1 clarifies how the proposed framework changes
chemotherapy toxicity prediction from a point-estimation
task into an uncertainty-aware decision-support process.

Table 1. Conceptual Distinction between Point Prediction
and Adaptive Conformal Interval-Based Toxicity Prediction
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Background

Standard neural networks, despite their expressive power
and predictive accuracy, are particularly susceptible to
producing miscalibrated probability estimates, often
exhibiting overconfidence in incorrect predictions when
applied to patients whose clinical features deviate from the
training distribution [6, 7]. Post-hoc calibration methods
such as Platt scaling or isotonic regression can improve
overall calibration but do not provide patient-specific
uncertainty estimates that reflect the difficulty of individual
predictions. Bayesian neural networks and Monte Carlo
dropout offer principled approaches to uncertainty
quantification by modeling distributions over network
weights, producing credible intervals that capture both
aleatoric and epistemic uncertainty [5, 8]. However, these
methods rely on distributional assumptions and
approximations that may not hold in the heterogeneous,
high-dimensional feature spaces characteristic of clinical
prediction tasks, and their interval coverage is not
guaranteed in finite samples.

This manuscript proposes a framework that combines
neural network toxicity prediction with adaptive conformal
prediction, a distribution-free method that provides finite-
sample coverage guarantees without imposing parametric
assumptions on the data or the model [9, 10]. Conformal
prediction generates prediction intervals that are
guaranteed to contain the true outcome with a user-
specified probability, and the adaptive variant adjusts
interval widths based on the difficulty of each prediction
case, producing wider intervals for atypical patients and
narrower intervals for routine cases. Applied to
chemotherapy toxicity prediction, this framework enables
oncologists to interpret each toxicity risk estimate within a
calibrated uncertainty interval, distinguishing between
predictions that are sufficiently reliable for decisive clinical
action and those that warrant additional caution,
monitoring, or diagnostic investigation. The following
sections detail the background, architecture, and clinical
applications of this uncertainty-aware predictive framework.

Chemotherapy toxicity prediction
Chemotherapy-induced toxicities encompass a broad
spectrum of adverse events affecting multiple organ
systems, with neutropenia and febrile neutropenia
representing the most common dose-limiting toxicities
across cytotoxic regimens [3, 11]. Additional clinically

significant toxicities include anthracycline-induced
cardiotoxicity, platinum-induced peripheral neuropathy,
chemotherapy-induced nausea and vomiting, mucositis,
hepatotoxicity, and nephrotoxicity, each with distinct
pathophysiological mechanisms and risk factors. The
incidence of severe chemotherapy toxicity varies
substantially across patient populations, with reported rates
of grade 3–4 neutropenia ranging from 20% to 60%
depending on the chemotherapy regimen, and rates of
chemotherapy-induced peripheral neuropathy exceeding
70% in patients receiving platinum or taxane-based
regimens [12, 13]. Machine learning models have been
developed to predict individual patient risk for many of
these toxicities, incorporating demographic variables,
laboratory values, genetic polymorphisms, comorbidity
indices, and treatment characteristics as predictive features
[14, 15]. These prediction tools hold the potential to enable
pre-emptive dose adjustment, targeted supportive care,
and personalized chemotherapy selection, thereby
reducing toxicity-related morbidity while maintaining
therapeutic efficacy.

Existing prediction models
Current approaches to chemotherapy toxicity prediction
span a methodological spectrum from clinical risk scores to
advanced machine learning algorithms, each with distinct
strengths and limitations for clinical deployment [4, 5].
Traditional clinical risk scores such as the CASS, CRASH,
and SAFE models rely on a small number of hand-selected
variables—typically age, baseline blood counts, liver
function, and chemotherapy regimen intensity—to stratify
patients into risk categories. Machine learning models
including logistic regression, random forests, gradient-
boosted trees, and neural networks have demonstrated
improved discriminative performance by learning complex,
non-linear interactions among larger sets of predictor
variables from electronic health records [15-18]. However,
the predominant output of these models is a point
prediction—a single probability of toxicity—without
accompanying quantification of the uncertainty surrounding
that estimate, which limits their clinical interpretability and
actionability for individual patients [19]. Furthermore, the
calibration of these models, which reflects the alignment
between predicted and observed toxicity rates, is frequently
assessed only at the population level and may degrade
substantially when applied to patient subgroups
underrepresented in training data.
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Framework Overview

Conformal prediction
Conformal prediction provides a rigorous statistical
framework for constructing prediction intervals with finite-
sample coverage guarantees, requiring no assumptions
about the underlying data distribution or the model used to
generate predictions [1, 12]. In the split conformal
prediction framework, the available data are partitioned into
a training set used to fit the prediction model and a disjoint
calibration set used to compute non-conformity scores—
measures of how atypical each calibration example is
relative to the model's predictions. For a new patient, the
prediction interval is constructed by combining the model's
point prediction with a quantile of the calibration non-
conformity scores, yielding an interval that is guaranteed to
contain the true outcome with probability at least 1−α for
any user-specified confidence level [20, 21]. This guarantee
holds marginally over the calibration and test data
distributions under the assumption of exchangeability,
making conformal prediction particularly attractive for
clinical applications where distributional assumptions may
be violated and rigorous uncertainty quantification is
essential for patient safety. The resulting intervals are
adaptive to the difficulty of each prediction when an
appropriate non-conformity score is employed, producing
wider intervals for patients whose features diverge from the
training distribution.

Adaptive conformal prediction
Adaptive conformal prediction extends the standard
conformal framework to accommodate settings where the
data distribution may shift over time or where prediction
difficulty varies systematically across patient subgroups,
conditions that are commonplace in clinical oncology
practice [13, 22]. The adaptive conformal inference
algorithm dynamically adjusts the calibration threshold in
response to observed patterns of prediction errors,
enabling the framework to maintain valid coverage even
when the exchangeability assumption is violated by
temporal trends in chemotherapy regimens, changes in
supportive care protocols, or evolving patient
demographics. For chemotherapy toxicity prediction, this
adaptivity is clinically important because toxicity risk profiles
may shift with the introduction of new chemotherapy
agents, changes in dosing guidelines, or seasonal
variations in infection-related complications [14, 23]. The
adaptive mechanism recalibrates the non-conformity
threshold based on recent prediction errors, ensuring that
prediction intervals remain valid for current patients while

still leveraging the full calibration dataset for stable
threshold estimation. This approach maintains the
distribution-free coverage guarantees of conformal
prediction while enhancing robustness to the non-
stationarity inherent in real-world clinical data.

High-level architecture
The proposed framework follows a sequential pipeline that
transforms raw patient features into calibrated uncertainty
intervals suitable for clinical decision support [15, 24].
Patient-level data—including demographics, baseline
laboratory values, chemotherapy regimen details,
comorbidity indices, and genetic markers—are first
processed through a feedforward neural network trained to
predict the probability of a specified chemotherapy toxicity
outcome, such as febrile neutropenia or peripheral
neuropathy. The neural network outputs a point prediction
representing the estimated toxicity risk, which is then paired
with a non-conformity score that quantifies how unusual or
difficult-to-predict the patient's clinical profile is relative to
the calibration dataset. An adaptive calibration mechanism
adjusts the non-conformity threshold based on recent
prediction performance, and the final prediction interval is
constructed by combining the point prediction with this
calibrated threshold to produce an upper and lower bound
on the toxicity risk estimate [6, 25]. This architecture
preserves the predictive flexibility of neural networks while
augmenting their outputs with rigorous, distribution-free
uncertainty quantification that directly supports clinical
interpretation and decision-making.

Figure 1 presents the proposed left-to-right framework
through which patient-level chemotherapy features are
transformed into calibrated toxicity risk intervals and
translated into uncertainty-aware clinical decision support.

Figure 1. Adaptive conformal neural network architecture
for calibrated chemotherapy toxicity risk intervals.
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Core assumptions
The framework operates under a set of assumptions that
determine the validity and scope of its coverage
guarantees, with the principal requirement being
exchangeability of the calibration and test data [16, 26].
Exchangeability—the condition that the joint distribution of
the data is invariant under permutation—is approximately
satisfied when calibration and test patients are drawn from
the same underlying population and there are no
systematic differences in data collection, patient
characteristics, or outcome ascertainment between the two
sets. For the adaptive variant of the framework, this
assumption is relaxed to allow for gradual distribution shifts,
with the adaptive threshold updating mechanism
maintaining approximate coverage validity as long as shifts
occur slowly relative to the rate of threshold adaptation [13,
22]. Additional assumptions include the availability of a
representative calibration dataset of sufficient size to
estimate non-conformity score quantiles with adequate
precision, and the requirement that the neural network
architecture and training procedure are held fixed after
calibration to preserve the validity of the coverage
guarantee. These assumptions are generally consistent
with the design of clinical prediction model development
and validation studies in oncology.

Design principles
The framework is guided by four design principles that
collectively ensure its suitability for high-stakes clinical
applications in chemotherapy toxicity prediction [17, 27].
The first principle is distribution-free validity, meaning that
the coverage guarantee of the prediction intervals holds
regardless of the underlying data distribution, the neural
network architecture, or the training procedure employed,
distinguishing conformal prediction from parametric
uncertainty quantification methods that rely on distributional
assumptions. The second principle is finite-sample
coverage, ensuring that the prediction intervals achieve the
nominal coverage level in finite samples rather than
asymptotically, which is critical for clinical settings where
large sample sizes cannot be assumed for rare toxicities or
specific patient subgroups. The third principle is adaptivity
to prediction difficulty, enabling the interval width to reflect
the inherent uncertainty in each individual prediction, with
wider intervals flagging patients for whom the model's
toxicity risk estimate is less reliable. The fourth principle is
interpretability of the resulting intervals, with upper and
lower bounds on toxicity probability directly supporting

clinical risk stratification and shared decision-making
without requiring clinicians to understand the underlying
statistical machinery.

Risk prediction model
The neural network component of the framework comprises
a feedforward architecture with two to four hidden layers
employing rectified linear unit activations, trained via
stochastic gradient descent with binary cross-entropy loss
to predict the probability of chemotherapy toxicity
occurrence [18, 28]. Input features are drawn from domains
known to influence chemotherapy toxicity risk, including
patient demographics, baseline hematologic and
biochemical laboratory values, estimated glomerular
filtration rate and hepatic function markers, body surface
area and body mass index, chemotherapy agent types and
planned dose intensity, prior treatment history, comorbidity
indices, concomitant medications, and germline genetic
variants in pharmacokinetic and pharmacodynamic genes
implicated in drug metabolism and transport. The output
layer employs a sigmoid activation function to produce a
predicted probability between zero and one, representing
the estimated risk of the specified toxicity outcome, with
model complexity and regularization strength selected to
optimize discriminative performance while mitigating
overfitting. This neural network architecture has been
widely adopted in chemotherapy toxicity prediction studies,
where it has demonstrated the capacity to capture complex,
non-linear relationships between patient features and
toxicity outcomes that simpler linear models may fail to
identify [24, 26].

Non-conformity score
The non-conformity score function serves as the bridge
between the neural network's point prediction and the
conformal prediction interval, quantifying how atypical or
difficult-to-predict each patient is relative to the patterns
learned by the model [19, 29]. For binary toxicity outcomes,
a natural non-conformity score is one minus the predicted
probability for patients who experience toxicity, and the
predicted probability itself for patients who do not, yielding
larger scores when the model assigns low probability to
observed toxicities or high probability to patients who
remain toxicity-free. Alternative non-conformity scores,
such as the absolute residual between the observed binary
outcome and the predicted probability or more
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sophisticated scores based on conditional density
estimation, can be substituted depending on the desired
sensitivity of the resulting intervals to specific types of
prediction errors. The choice of non-conformity score
directly influences the adaptivity of the prediction intervals,
with scores that capture the magnitude and direction of
prediction errors producing intervals that widen
appropriately for patients whose clinical profiles diverge
from well-represented training examples. This adaptive
property is essential for clinical utility, as it ensures that
patients with rare comorbidity patterns or unusual
chemotherapy regimens receive appropriately wide
intervals that reflect the model's increased uncertainty.

Split conformal setup
The split conformal prediction procedure partitions the
available patient data into three disjoint sets: a training set
for fitting the neural network model, a calibration set
comprising 20–30% of the data for computing non-
conformity scores and estimating quantile thresholds, and a
held-out test set for evaluating prediction interval
performance [2, 21]. The calibration set patients are
processed through the trained neural network to obtain
point predictions, and non-conformity scores are computed
for each calibration patient using the chosen score function,
producing an empirical distribution of scores that captures
the range of prediction errors expected under the model. A
critical requirement of the split conformal approach is that
the calibration data remain entirely unused during model
training, ensuring that the non-conformity scores provide an
unbiased estimate of the model's prediction error on new
patients drawn from the same distribution [12, 20]. This
data-splitting strategy is straightforward to implement in
typical clinical prediction model development workflows and
aligns with established practices for separating model
development from validation in prognostic research.

Adaptive calibration threshold
The adaptive calibration threshold extends the standard
conformal quantile to accommodate non-stationarity in the
patient population or toxicity outcome distribution, updating
the threshold in response to observed prediction errors
over time [22, 23]. The threshold is defined as the (1−α)
(1+1/|D_cal|)-th empirical quantile of the calibration non-

conformity scores, where α is the desired miscoverage rate
and the finite-sample correction factor 1/|D_cal| accounts
for the uncertainty in quantile estimation from a finite
calibration set. In the adaptive variant, this threshold is
dynamically adjusted using an online learning mechanism
that increases the threshold when recent empirical
coverage falls below the target level and decreases it when
coverage exceeds the target, maintaining valid coverage
under gradual distribution shifts while preventing interval
widths from growing unnecessarily large [13, 14]. This
adaptivity is particularly relevant in oncology settings where
chemotherapy protocols, supportive care guidelines, and
patient referral patterns may evolve over the course of a
clinical prediction model's deployment, potentially
degrading the performance of static calibration thresholds.

Prediction interval
For a new patient with neural network point prediction ŷ and
adaptive calibration threshold q̂, the conformal prediction
interval is constructed to contain the true toxicity outcome
with probability at least 1−α [1, 6]. In the regression setting
where the toxicity outcome is modeled as a continuous
severity score, the interval takes the form [ŷ − q̂, ŷ + q̂],
producing symmetric bounds around the point prediction
whose width reflects the calibration threshold and, through
the threshold's adaptivity, the difficulty of the individual
prediction case. For the binary classification setting more
typical of chemotherapy toxicity prediction, the interval is
interpreted as covering the predicted probability
distribution, with the non-conformity score determining
which probability values are considered sufficiently
consistent with the model's predictions to be included [8, 9].
The resulting interval can be communicated to clinicians as
a calibrated toxicity risk range—for example, a prediction of
25% risk with a 90% prediction interval of 15–45%—which
conveys both the point estimate and the model's
confidence in that estimate in a clinically interpretable
format. This transformation of point predictions into
calibrated intervals represents the core contribution of the
framework to uncertainty-aware chemotherapy toxicity
prediction.

Point prediction versus interval
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Clinical Decision Support

The transition from a point prediction to a conformal
prediction interval fundamentally transforms how
chemotherapy toxicity risk is communicated to the clinical
team, replacing a single number that conveys an illusion of
precision with a calibrated range that transparently
represents predictive uncertainty [25, 28]. A clinician
receiving a point prediction of "25% risk of febrile
neutropenia" has no information about whether this
estimate derives from a robust model trained on thousands
of similar patients or from a model extrapolating uncertainly
from a sparse region of the feature space, and this
ambiguity can lead to either excessive or insufficient clinical
intervention depending on the clinician's subjective risk
tolerance. In contrast, the conformal prediction interval
presents the same underlying prediction as "25% risk (90%
PI: 15–45%)," making explicit that the model's best
estimate is 25% but that values between 15% and 45% are
all plausibly consistent with the patient's clinical profile and
the model's uncertainty. This additional information allows
the clinician to calibrate their response to the prediction,
distinguishing between confident high-risk predictions that
unambiguously warrant aggressive supportive care and
uncertain intermediate-risk predictions that justify a more
nuanced, monitoring-intensive approach [9, 10]. The
prediction interval thus serves as both a quantitative
uncertainty estimate and a communication tool that aligns
machine learning outputs with the clinical reality that risk
prediction is inherently imprecise for individual patients.

Adaptive width interpretation
The width of the conformal prediction interval provides a
direct, interpretable measure of predictive confidence that
varies across patients in clinically meaningful ways, with
narrower intervals indicating higher model confidence and
wider intervals signaling greater uncertainty [19, 26]. A
narrow interval such as 25% risk (90% PI: 20–32%)
suggests that the patient's clinical features align closely
with well-represented training examples, that the neural
network has learned a stable relationship between those
features and the toxicity outcome, and that the point
prediction can be used with reasonable confidence for
clinical decision-making. A wide interval such as 25% risk
(90% PI: 5–60%) indicates that the patient's profile is
atypical or lies near a decision boundary where small
changes in features would substantially alter the prediction,
and this width itself becomes clinically actionable by
flagging the patient as a candidate for intensified
monitoring, additional diagnostic testing, or specialist
consultation [7, 27]. The adaptive property of the conformal

framework ensures that interval widths respond
appropriately to patient-specific difficulty, with patients
harboring rare genetic variants, unusual comorbidity
combinations, or atypical chemotherapy regimens receiving
appropriately wide intervals that reflect the model's
epistemic uncertainty. This direct mapping from interval
width to clinical action—narrow intervals supporting
decisive treatment, wide intervals triggering caution—
provides a principled basis for integrating machine learning
predictions into chemotherapy toxicity management
workflows.

Risk-based action thresholds
Prediction intervals map onto clinical action thresholds
through a tiered decision strategy: when the entire interval
exceeds the threshold, intervention is clearly indicated;
when it falls entirely below, intervention can be safely
deferred; and when the interval straddles the threshold,
clinical judgment with intensified monitoring is warranted [3,
25]. This prevents both under-treatment driven by
overconfident low predictions and over-treatment driven by
uncertain elevated predictions. For toxicities without
established thresholds, interval width alone can guide
monitoring frequency [15].

Table 2 translates calibrated toxicity risk intervals into
clinically interpretable action categories for chemotherapy
planning.

Table 2. Decision Logic for Translating Calibrated Toxicity
Risk Intervals Into Chemotherapy Management Actions
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Evaluation Strategy
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Shared decision-making
Prediction intervals enable transparent communication of
uncertainty during shared decision-making, with oncologists
presenting both the point estimate and its range to convey

model confidence [4, 17]. Wide intervals prompt
incorporation of closer monitoring and adaptive treatment
modification into the care plan, converting uncertainty into
an actionable component rather than a source of anxiety.
This aligns with precision oncology's emphasis on
individualized treatment tailored to patient-specific
characteristics and preferences.

Coverage metrics
Empirical coverage—the proportion of test patients whose
observed toxicity falls within the prediction interval—is the
primary evaluation metric and should approximate the
nominal 90% level under exchangeability [1, 20]. Coverage
is assessed marginally across the population and within
subgroups defined by age, chemotherapy regimen, and
comorbidity burden to detect systematic undercoverage in
specific populations [21]. Conditional coverage evaluation,
while not guaranteed by the marginal framework, identifies
patient subgroups for whom intervals may be misleadingly
narrow or wide.

Efficiency metrics
Average interval width quantifies precision, with narrow
intervals indicating low uncertainty and wide intervals
signaling limited clinical actionability [6, 19]. The adaptive
width ratio—comparing the widest to narrowest patient
quartiles—measures how effectively the framework
differentiates easy from difficult prediction cases. These
metrics ensure the framework achieves valid coverage
without producing intervals too wide to be clinically useful.

Baseline comparisons
Comparisons to fixed-width intervals, Bayesian neural
network credible intervals, and Monte Carlo dropout
prediction intervals contextualize the framework's
performance [5, 8]. Fixed-width intervals provide a non-
adaptive benchmark, while Bayesian and dropout methods
offer parametric alternatives that capture uncertainty but
lack finite-sample coverage guarantees. Comparative
evaluation reveals whether guaranteed coverage incurs a
meaningful width penalty relative to these alternatives.

https://cirpublications.com/panel/pub-article/176/update#ref-d9ee6014-a478-40b3-bf7c-74a216c5b65c
https://cirpublications.com/panel/pub-article/176/update#ref-73f2f4cb-0b78-4357-acb6-6fd6cc261b26
https://cirpublications.com/panel/pub-article/176/update#ref-57637f2a-7aa6-46ba-a9a0-1b1768143a6c
https://cirpublications.com/panel/pub-article/176/update#ref-b4156e27-31f6-4a83-bc8c-f3ec04c8f9cc
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Conclusion
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Technical limitations
The marginal coverage guarantee does not ensure
conditional coverage, meaning intervals may systematically
undercover for patients with rare chemotherapy regimens,
uncommon genetic variants, or underrepresented
demographic groups, raising health equity concerns [1, 22].
Calibration set size trades off against quantile precision,
and rare toxicities with low event rates pose particular
challenges for single-institution datasets. Exchangeability
violations due to evolving chemotherapy protocols or
referral patterns further limit the guarantee to approximate
validity under the adaptive mechanism.

Clinical limitations
Clinicians may misinterpret prediction intervals as Bayesian
credible intervals rather than frequentist coverage
statements, potentially leading to inappropriate decisions if
the distinction is not clearly communicated [9, 17].
Statistically appropriate intervals may be too wide for
clinical actionability in complex patients, providing little
guidance beyond acknowledging uncertainty. Prospective
validation and clinician training are essential before
implementation to establish whether uncertainty-aware
predictions improve toxicity outcomes compared to
standard decision support.

This manuscript presented a framework integrating neural
network toxicity prediction with adaptive conformal
prediction to generate calibrated, patient-specific
uncertainty intervals. The approach transforms point
predictions into intervals with finite-sample coverage
guarantees, maintaining neural network flexibility while
providing distribution-free uncertainty quantification.

Key advantages include adaptivity to patient difficulty,
producing wider intervals for atypical cases, and

compatibility with any neural network architecture without
model modification. These properties distinguish conformal
prediction from parametric alternatives that lack guaranteed
coverage.

Limitations include the gap between marginal and
conditional coverage, raising equity concerns, and
calibration set requirements that challenge single-institution
deployment. Clinician interpretation and workflow
integration represent additional barriers requiring
implementation research.

Future work should apply this framework to real-world
chemotherapy datasets and conduct prospective studies
comparing uncertainty-aware decision support to standard
tools. Embedding rigorous uncertainty quantification into
clinical prediction models will be essential for building trust
and improving the safety of machine learning in oncology.
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