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ABSTRACT
Neonatal hyperbilirubinemia is often managed with phototherapy, yet a clinically difficult decision remains after treatment stops:
whether bilirubin concentration will rebound enough to require renewed monitoring or retreatment. Early discharge can reduce
family burden and hospital crowding, but missed rebound may lead to delayed recognition of unsafe bilirubin rise. This paper
reports an empirical study of conformal tensor state modeling for bilirubin rebound prediction after phototherapy cessation.
We assembled 46,320 neonatal phototherapy courses from five nursery settings and manually reviewed 6,840 courses with
uncertain rebound status. The prediction target was rebound within 24 hours, defined by either retreatment, bilirubin rise above
a risk-adjusted threshold, or clinician-documented return for bilirubin management. The proposed model represents each infant
as a time-indexed tensor containing bilirubin values, age in hours, gestational age, weight trajectory, feeding pattern, hemolysis
indicators, and treatment exposure. A low-rank dynamical encoder estimates latent bilirubin production and clearance states,
while split conformal calibration produces nursery-specific prediction sets. Compared with gradient boosting, recurrent neural
networks, and ordinary transformer encoders, the proposed approach improved area under the precision-recall curve from 0.421
to 0.566, reduced missed high-risk rebound from 12.8% to 6.1%, and maintained 91.4% conformal coverage under temporal
shift. The model retained moderate specificity, with 14.7 additional observation recommendations per 100 treated infants.
Results suggest that time-resolved bilirubin physiology and distribution-aware uncertainty can improve rebound screening without
converting all post-phototherapy infants into high-alert cases.

1. Introduction
Phototherapy for neonatal hyperbilirubinemia is one of the most
common treatments in newborn care. The treatment decision
is usually guided by bilirubin concentration, postnatal age, ges-
tational age, neurotoxicity risk factors, and the shape of the
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bilirubin trajectory. Stopping phototherapy is less straightfor-
ward than starting it. A bilirubin value may fall sufficiently
during treatment, but the underlying production and clearance
balance may remain unstable. Some infants continue to improve
after light exposure ends. Others show rebound because hemol-
ysis, prematurity, inadequate intake, or delayed enterohepatic
clearance continues to drive bilirubin upward. The clinical
question is not merely whether the current concentration is
acceptable. It is whether the infant can safely leave the close
monitoring interval after treatment.

The decision has practical consequences. A conservative
policy keeps many infants in observation or schedules early
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Figure 1 Cohort assembly and endpoint construction for rebound prediction after phototherapy cessation.
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Figure 2 Tensor-state encoder separating infant-level factors from time-varying bilirubin production and clearance dynamics.

repeat laboratory testing, increasing heel sticks, parental anxiety,
and nursery workload. A permissive policy reduces hospital
time but may miss infants whose bilirubin returns to a treatment
range. The challenge is that rebound is not determined by a
single variable. The same post-treatment bilirubin concentration
can mean different things in a 35-week infant at 60 hours of
life and a 40-week infant at 110 hours. A rapid decline during
phototherapy may be reassuring when feeding is established and
weight loss is mild, but less reassuring when hemolysis markers
are present. A model for rebound should therefore treat the
infant’s record as a structured time process rather than as a static
table row.

This paper introduces conformal tensor state modeling for
early bilirubin rebound prediction. The method represents
the clinical course as a third-order tensor indexed by infant,
time window, and measurement channel. The channels include
bilirubin measurements, phototherapy exposure, age, gestational
maturity, feeding adequacy, weight change, blood group incom-
patibility, direct antiglobulin test status, albumin availability, and
discharge-planning indicators. A low-rank dynamical layer sep-
arates slowly varying infant physiology from rapidly changing
treatment response. A calibration layer then converts predictive

scores into conformal decision sets with nursery-specific guaran-
tees. The aim is not only to improve discrimination but also to
quantify when the model is uncertain enough that a conservative
recommendation is justified.

The study is empirical. It defines a cohort, builds a predictive
model, compares it with multiple baselines, evaluates temporal
and site variation, and reports ablations. The primary endpoint
is clinically relevant rebound within 24 hours after phototherapy
cessation. This endpoint combines repeat phototherapy, bilirubin
crossing a risk-adjusted threshold, and documented bilirubin-
directed return to care. The endpoint is not perfect because
clinical practice affects whether repeat bilirubin values are
obtained. For that reason, a manual review subset and sensitivity
analyses are included. The study focuses on decision support
at the moment phototherapy is stopped, not on initial jaundice
diagnosis or long-term neurologic outcome.

The modeling problem has three statistical difficulties. The
first is irregular sampling. Bilirubin values are not measured
at fixed intervals. Some infants have a value every few hours,
while others have sparse measurements. The second is treatment-
dependent observation. Infants perceived as higher risk are more
likely to receive repeat bilirubin testing, which increases ob-
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Figure 3 Nursery-specific split conformal calibration converting rebound scores into cautious prediction sets.
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Figure 4 Observation-process adjustment for treatment-dependent follow-up and selectively observed rebound outcomes.

served rebound detection. The third is nursery shift. Nursery
units differ in phototherapy thresholds, discharge timing, feed-
ing support, laboratory turnaround, and follow-up access. A
model trained under one practice style can become miscalibrated
elsewhere even when the biological process is similar [1].

The proposed method addresses these problems through a
tensor representation, inverse observation weighting, and split
conformal calibration. The tensor representation preserves
timing instead of compressing the course into the most recent
bilirubin value. Inverse observation weighting reduces bias
caused by selective repeat testing. Split conformal calibration
creates prediction sets whose empirical coverage can be checked
separately across nursery settings. The final output is not only
a probability of rebound. It is a decision set that may contain
“low rebound risk,” “recheck recommended,” or both when
uncertainty is high. This is useful because clinical decisions
around discharge often require cautious ambiguity rather than a
forced binary label.

Quality control for meaning preservation influenced only a
small part of the annotation workflow. When clinical reviewers
rewrote free-text rebound reasons into standardized endpoint
categories, a validation layer checked whether the standardized
version preserved the original clinical meaning; this was modeled
after the separate bidirectional equivalence idea reported by

Sadanandan and Behzadan (2026), who used an LLM judge
rubric to retain paraphrases only when the original and rewritten
question would keep the same answer, with 91.6% cross-family
agreement in their validation sample [2]. In the present study,
this idea was applied to endpoint text normalization and not to
model training, imaging, paraphrase testing, or visual question
answering.

The main hypothesis is that a low-rank state model using
time-resolved bilirubin and treatment information will improve
rebound detection compared with static risk models and generic
sequence encoders. A second hypothesis is that conformal
decision sets will maintain reliable coverage under nursery and
temporal shift. A third hypothesis is that the learned latent
states will correspond to interpretable clinical patterns, such as
rapid treatment response, persistent production, delayed feeding
recovery, and prematurity-associated slow clearance. These
hypotheses are tested using held-out nurseries, later calendar
periods, and manually reviewed uncertain cases.

The results support the main hypothesis but also reveal trade-
offs. The proposed model improves area under the precision-
recall curve and reduces missed high-risk rebound. It does not
eliminate false alerts [3]. It recommends additional observation
or repeat testing for some infants who would not rebound. The
conformal layer controls missed-event risk but expands the
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Figure 5 Decision-support pathway from phototherapy cessation features to conformal discharge and monitoring recommendations.
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Figure 6 Validation and diagnostic layout for discrimination, coverage, subgroup behavior, and ablation analysis.

uncertain group when practice patterns shift. This behavior
is clinically reasonable but operationally costly. The model is
therefore best interpreted as a risk-stratification aid rather than a
discharge automation system.

The rest of the manuscript proceeds in six sections. The next
section describes the cohort, variables, endpoint construction,
and annotation review. The modeling section defines the ten-
sor state representation, the low-rank dynamic equations, the
observation process adjustment, and the conformal set proce-
dure. The experimental section presents baselines, validation
design, and metrics. The results section reports discrimination,
calibration, coverage, subgroup behavior, and ablations [4]. The
error analysis section examines latent states, missed rebound,
false alerts, and nursery shift [5]. The conclusion summarizes
implications and limitations [6].

2. Cohort Definition and Endpoint Construc-
tion

The cohort consisted of 46,320 neonatal phototherapy courses
from 42,106 infants treated across five nursery settings. The set-
tings included two academic newborn nurseries, one community

newborn nursery, one neonatal intensive care step-down unit,
and one mixed mother-baby service with extended outpatient
follow-up access. Courses were included when phototherapy
was documented for at least four hours, at least one total serum
bilirubin or transcutaneous bilirubin value was available within
eight hours before cessation, and gestational age was recorded.
Courses were excluded when infants had major congenital anoma-
lies affecting bilirubin metabolism, exchange transfusion before
the prediction time, missing birth time, or phototherapy initi-
ated after transfer from another hospital without prior bilirubin
trajectory.

An infant could contribute more than one course only if
phototherapy was stopped, later restarted, and then stopped
again. Repeated courses accounted for 7.4% of the dataset. To
prevent leakage, all courses from the same infant were assigned
to the same split. The prediction time was defined as the first
documented cessation timestamp after at least four hours of
phototherapy. If the electronic record showed multiple device
interruptions less than two hours apart, they were treated as a
continuous course. This rule avoided labeling brief feeding or
transport interruptions as treatment cessation.
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The primary outcome was rebound within 24 hours after
cessation [7]. Rebound was positive if any of three condi-
tions occurred. The first condition was repeat phototherapy
within 24 hours. The second was a bilirubin value crossing
the risk-adjusted retreatment threshold within 24 hours. The
third was documented bilirubin-directed return to nursery, emer-
gency department, or outpatient urgent evaluation within 24
hours when bilirubin management was the stated reason. The
outcome was negative if none of these occurred and either a
follow-up bilirubin value remained below threshold or the infant
had documented clinical follow-up without jaundice-directed
intervention. Cases with no follow-up information were included
in the primary analysis with inverse observation weighting and
examined separately in sensitivity analysis.

The observed rebound rate was 9.8% across all courses. It
varied substantially across settings, from 6.1% in the community
nursery to 15.4% in the step-down unit. The rate was 18.2%
for infants below 37 weeks gestation, 8.1% for term infants
without documented hemolysis indicators, and 21.5% for infants
with positive direct antiglobulin test or strong blood group
incompatibility evidence. Rebound was more common when
phototherapy stopped before 72 hours of life and when weight
loss exceeded 8.0%. These patterns match clinical expectations
but were not imposed as rules in the model.

Bilirubin measurements were represented as timed observa-
tions. Total serum bilirubin and transcutaneous bilirubin were
stored separately because their measurement error differs and
because nursery policies vary in how they use transcutaneous
values after phototherapy. Each measurement was linked to age
in hours, time relative to phototherapy start, time relative to
cessation, and whether the infant was under active phototherapy
at measurement. Measurements obtained during treatment and
measurements obtained after light discontinuation were not
pooled. The model used only information available at cessation
for prediction. Post-cessation values were used only for outcome
determination.

Clinical channels included gestational age, birth weight, most
recent weight, percentage weight loss, delivery mode, feeding
type, formula supplementation indicator, documented intake con-
cerns, stooling adequacy indicator, blood group incompatibility,
direct antiglobulin test result, hematocrit if available, albumin
if available, bruising or cephalohematoma documentation, and
nursery setting. Some variables were missing in a structured
way. Albumin was available mainly in higher-acuity infants.
Hematocrit was more frequent in infants with hemolysis concern.
Missingness indicators were therefore retained as channels rather
than imputed silently.

Phototherapy exposure was encoded as a time-varying chan-
nel [8]. The model used documented start and stop times, device
type when available, and treatment intensity category. Device
type was missing in 31.2% of courses, so intensity was treated as
partially observed. A course using multiple devices or intensive
phototherapy was marked separately from a single-device course.
The cumulative exposure channel measured hours under pho-
totherapy before cessation. Another channel measured bilirubin
decline rate during the final treatment interval [9]. Decline
rate was computed only when at least two bilirubin values were

available during treatment; otherwise, the value was marked
missing with an indicator [10].

The manual review subset contained 6,840 courses. It over-
sampled courses near the treatment threshold, courses without
follow-up bilirubin values, and courses with conflicting doc-
umentation. Reviewers examined bilirubin trends, treatment
records, discharge instructions, readmission notes, outpatient
follow-up notes, and clinician comments. They assigned end-
point status as rebound, no rebound, unresolved, or not enough
information. The unresolved category was used when the in-
fant had a borderline bilirubin value but no clear management
consequence. For the main test metrics, unresolved cases were
excluded from binary endpoint scoring but retained in confor-
mal uncertainty analysis. The exclusion affected 3.6% of the
reviewed subset.

Endpoint agreement before adjudication was 86.7% for binary
rebound status and 79.5% when unresolved status was included.
Disagreements most often involved outpatient return visits where
jaundice was mentioned but treatment was not restarted. A third
reviewer resolved disagreements. The standardized endpoint
labels from reviewer notes were audited for meaning preservation,
especially when free-text reasons were converted into structured
categories. This audit was separate from predictive modeling
and was used only to reduce label noise.

The dataset was divided into development, calibration, inter-
nal test, external nursery test, and temporal test partitions. The
development set contained 28,640 courses from four nurseries.
The calibration set contained 5,120 courses, held out for con-
formal calibration and threshold selection. The internal test set
contained 5,880 courses from the same four nurseries. The exter-
nal nursery test contained 3,940 courses from the fifth nursery,
unseen during model fitting. The temporal test contained 2,740
later courses after a change in local phototherapy monitoring
guidance at two settings. Splitting was by infant, not by course.

The tensor representation used 16 time bins relative to cessa-
tion. The earliest bin covered the interval from 72 to 60 hours
before cessation, and the final pre-cessation bin covered the
last four hours before stopping phototherapy. Wider bins were
used farther from cessation because older measurements are
less frequent and less directly informative. Each bin contained
38 measurement and clinical channels. Static variables were
repeated across bins with a time mask. Time-varying variables
occupied the bins where they were observed. Missing values
were represented by both imputed normalized values and explicit
missingness masks.

The imputation scheme was conservative. For bilirubin chan-
nels, missing values were filled with a monotone interpolation
only between observed measurements and were otherwise filled
with zero after normalization. A mask indicated whether the
value was observed, interpolated, or absent. For static variables,
median imputation within gestational-age category was used,
again with missingness indicators [11]. The model therefore
could learn from the fact that a variable was unavailable. This
was important for laboratory channels such as albumin and
hematocrit.

The endpoint was subject to observation bias because infants
judged higher risk were more likely to have repeat bilirubin
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measurements. To estimate observation probability, a separate
logistic model predicted whether a follow-up bilirubin value
or bilirubin-directed follow-up note was observed within 24
hours. Predictors included nursery setting, age at cessation,
gestational age, bilirubin distance below treatment threshold,
discharge day, and feeding concern. The inverse observation
weight was clipped between 0.5 and 3.5. The primary training
loss used these weights for courses without complete follow-up.
A sensitivity analysis repeated evaluation only on infants with
observed follow-up.

3. Conformal Tensor State Model
Let Xi ∈ RT ×C denote the time-channel matrix for infant
course i, with T = 16 time bins and C = 38 channels. Let Mi ∈
{0, 1}T ×C denote the observation mask, and let yi ∈ {0, 1}
indicate rebound. The model constructs a latent physiological
state sequence Zi ∈ RT ×d. Unlike a generic sequence encoder,
the proposed model constrains Zi through a low-rank state
transition, intended to separate persistent infant-level risk from
treatment response and short-term measurement movement.

The observed input is first mapped to a channel embedding.
Missingness is embedded jointly with value because absent
laboratory values can carry clinical information. For time bin t,
the embedded vector is

eit = WxXit WmMit Waait be, (3.1)

where ait contains age-in-hours basis functions and time-
to-cessation basis functions. The basis functions use smooth
radial kernels rather than raw time alone. This allows the model
to treat the final pre-cessation interval differently from distant
measurements.

The latent dynamics use a rank-constrained transition matrix.
A full transition matrix can overfit because the sequence length
is modest and sampling is irregular [12]. The model writes the
transition as a diagonal persistence term plus a low-rank update:

Zit = DZi,t−1 UV ⊤Zi,t−1 Geit ϵit,
D = diagd1, . . . , dd, U , V ∈ Rd×r. (3.2)

The diagonal term captures stable carryover. The low-rank
term captures interaction among latent components. The main
model used d = 64 and r = 8. The process noise ϵit is not
sampled during deterministic inference; its variance is learned
for uncertainty scoring. The low-rank transition prevents the
model from learning arbitrary temporal patterns that do not
transfer across nurseries.

A treatment-response gate modifies transitions during ac-
tive phototherapy bins. Let Pit be the phototherapy exposure
indicator and Hit the cumulative exposure. The gate is

git = σ
(

w⊤
g eit; Zi,t−1; Pit; Hit bg

)
,

Zit = Zit − gitRZi,t−1 when Pit = 1. (3.3)

The matrix R is positive semi-definite through the parameteri-
zation R = LL⊤. This structure encourages active phototherapy
to reduce a subset of latent bilirubin burden states, while allowing
other states such as hemolysis pressure or feeding vulnerability
to persist. It is not a mechanistic biophysical model. It is a con-
strained statistical representation designed to reflect treatment
influence without imposing exact bilirubin kinetics.

The final pre-cessation state is combined with summary
features. Let ZiT be the state at cessation. The model computes
a rebound score

si = w⊤
o tanh

(
WzZiT Wbbi WΔΔi

)
co, (3.4)

where bi contains static infant characteristics and Δi contains
hand-computed trend summaries such as last bilirubin distance
below threshold, last observed decline rate, time under photother-
apy, and age at cessation. Including Δi stabilizes training and
allows direct comparison with rule-like models. The predicted
probability is pi = σsi.

The weighted prediction loss is

Lpred = − 1
N

N

i=1
wi

[
yi log pi 1 − yi log1 − pi

]
, (3.5)

where wi is the inverse observation weight. The loss is
augmented by a temporal smoothness penalty on latent states
and a monotonic treatment response penalty. The smoothness
penalty discourages abrupt latent jumps unsupported by observed
bilirubin change:

Lsmooth =
1

NT − 1 i

T

t=2
∥Zit − Zi,t−1∥2

2 · χit. (3.6)

Here χit is smaller when an observed bilirubin value changes
sharply, allowing genuine rapid movement. The monotonic
treatment response penalty discourages the bilirubin-burden state
from increasing during intensive phototherapy unless observed
values support that increase:

Lphoto =
1
N i t:Pit=1

max
(

0, q⊤Zit − q⊤Zi,t−1 − ηit

)2
.

(3.7)

The vector q is a learned burden direction with ∥q∥2 = 1,
and ηit is a tolerance derived from observed bilirubin slope.
This penalty is soft [13]. It does not assume all infants improve
during every treatment interval, because hemolysis can outpace
clearance.

To improve representation of rebound and non-rebound trajec-
tory neighborhoods, the model includes a supervised contrastive
term. Two courses are treated as neighbors when they share
outcome status, gestational-age category, and similar cessation
age. The contrastive loss is [14]

Lcon = −
i

1
|Pi| j∈Pi

log expsimZiT , ZjT τ

k≠i expsimZiT , ZkT τ
. (3.8)
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Table 1 Cohort Composition Across Nursery Settings

Nursery Setting Courses Rebound Rate (%) Key Characteristic

Academic Newborn Nursery A 11,280 8.7 Mixed acuity care

Academic Newborn Nursery B 9,940 9.4 Dense bilirubin monitoring

Community Nursery 8,620 6.1 Earlier discharge workflow

NICU Step-down Unit 7,410 15.4 High hemolysis prevalence

Mother-Baby Follow-up Service 9,070 10.2 Extended outpatient follow-up

Total 46,320 9.8 Multi-site cohort

Table 2 Dataset Partitioning Strategy

Partition Courses Nursery Usage Purpose

Development Set 28,640 Four nurseries Model training

Calibration Set 5,120 Four nurseries Conformal calibration

Internal Test Set 5,880 Same four nurseries Main evaluation

External Nursery Test 3,940 Fifth unseen nursery Domain shift analysis

Temporal Test 2,740 Later calendar period Temporal robustness

This term was useful because rebound is relatively uncommon.
It encouraged infants with similar risk evolution to occupy nearby
regions of latent space even when exact measurement timing
differed. The contrastive term was used only during training.

The complete training objective is

L = Lpred λsLsmooth λpLphoto λcLcon λr

(
∥U∥2

F ∥V ∥2
F

)
.

(3.9)

The selected weights were λs = 0.04, λp = 0.07, λc = 0.11,
and λr = 0.002, chosen on the calibration-development split
before final testing. The model was trained with AdamW,
batch size 256, learning rate 1.0 × 10−3, and early stopping on
validation area under the precision-recall curve.

Conformal prediction is applied after score training. The goal
is to produce a set-valued recommendation with controlled miss
probability. The binary labels are written as 0 for no rebound
and 1 for rebound. For a course i, class scores are Si1 = pi and
Si0 = 1 − pi. The nonconformity score for the true class is

Ai = 1 − Siyi. (3.10)

On the calibration set, nonconformity scores are computed
separately within nursery groups and gestational-age strata. For
target miscoverage α, the quantile is

q̂g = Quantile⌈ng11−α⌉
(
{Ai : i ∈ Cg}

)
, (3.11)

where g indexes a calibration group. The prediction set for a
new course is

Cαx = {y ∈ {0, 1} : 1 − Sy | x ≤ q̂gx}. (3.12)

If the set contains only no rebound, discharge with ordinary
follow-up is supported by the model. If it contains only rebound,
additional observation or repeat bilirubin assessment is recom-
mended. If it contains both labels, the model is uncertain and
recommends clinical review rather than a definitive low-risk
classification. Empty sets were not allowed; when both class
scores failed the threshold due to calibration irregularity, the set
was expanded to both labels [15].

A nursery-adaptive variant estimates calibration quantiles
using a weighted mixture of global and local calibration data. If
a nursery has limited calibration size, the local quantile can be
unstable. The mixed quantile is

q̃g = λg q̂g 1 − λg q̂global,

λg =
ng

ng ρ
. (3.13)

The main analysis used ρ = 350. This value gave stable
coverage in smaller strata. External nursery testing used the
global quantile first, then an unsupervised recalibration sensitiv-
ity analysis using recent unlabeled score distribution alignment.
The primary reported conformal coverage uses labeled calibra-
tion only from the original calibration set, not labels from the
external test nursery.

The conformal decision policy used α = 0.10, targeting
90.0% marginal coverage for the true label. Coverage is not the
same as sensitivity. A set containing both labels covers the true
label but is operationally uncertain. Therefore, the evaluation
reports coverage, singleton rebound rate, singleton no-rebound
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Table 3 Core Tensor Channels Used in Modeling

Channel Group Example Variables Temporal Encoding Missingness Handling

Bilirubin Measures TSB, TcB Time-indexed bins Explicit masks

Demographics Gestational age, birth weight Repeated across bins Median imputation

Feeding Status Intake concerns, stooling Dynamic updates Missing indicators

Hemolysis Features DAT, incompatibility Sparse events Structured missingness

Treatment Exposure Device type, exposure hours Continuous trajectory Partial observation flags

Table 4 Comparison of Predictive Models on Internal Test Set

Model AUROC AUPRC Calibration Error

Clinical Rule Score 0.742 0.286 0.114

Logistic Regression 0.781 0.334 0.097

Gradient Boosting 0.824 0.421 0.071

Recurrent Neural Network 0.832 0.447 0.083

Transformer Encoder 0.846 0.489 0.096

Conformal Tensor State Model 0.872 0.566 0.049

rate, and ambiguous set rate. A clinically useful conformal
model should not achieve coverage merely by assigning nearly
everyone to the ambiguous set. The proposed model is assessed
by both coverage and set efficiency.

4. Experimental Design
The proposed model was compared with six baselines. The first
baseline was a clinical rule score using last bilirubin distance
below threshold, age at cessation, gestational age, and hemolysis
indicators. The second was logistic regression with restricted
cubic spline terms for age and bilirubin distance. The third was
gradient boosting using all engineered features. The fourth was
a recurrent neural network over irregular bilirubin observations
with static covariates appended at the final layer. The fifth was
a transformer encoder over the same tensor input but without
low-rank dynamics or treatment-response constraints. The sixth
was a temporal convolution model. All neural baselines used
the same train and validation splits as the proposed method.

The primary discrimination metrics were area under the re-
ceiver operating curve and area under the precision-recall curve.
Because rebound occurred in fewer than 10.0% of courses, area
under the precision-recall curve was treated as the more infor-
mative discrimination metric. Binary operating-point metrics
were computed at thresholds selected on the calibration set. The
main threshold was chosen to achieve at least 85.0% sensitivity
for rebound while minimizing additional observation recom-
mendations. High-risk rebound sensitivity was also reported.
High-risk rebound was defined as rebound requiring repeat
phototherapy or bilirubin exceeding the retreatment threshold
by at least 1.5 mg/dL.

Calibration was measured with expected calibration error,
adaptive calibration error, and calibration slope. Calibration was

computed overall and by nursery setting. Temporal drift was
evaluated by comparing calibration in the internal test set and the
later temporal test set. Conformal performance was measured
by empirical coverage, ambiguous set rate, average set size, and
missed rebound among singleton no-rebound recommendations.
The conformal analysis was repeated by gestational-age category,
hemolysis indicator, and nursery setting.

The main binary decision policy had three outputs. Low risk
corresponded to singleton no-rebound conformal set. Recheck
recommended corresponded to singleton rebound conformal set.
Clinical review corresponded to both labels in the conformal
set. For operational comparisons with binary baselines, both
singleton rebound and ambiguous sets were counted as recom-
mending additional evaluation. This is conservative because an
ambiguous set does not necessarily mean prolonged hospitaliza-
tion, but it does imply that the model should not support routine
discharge without clinician review.

Statistical comparisons used patient-cluster bootstrap with
2,000 resamples. Differences in area under the precision-recall
curve, high-risk sensitivity, calibration error, and conformal
coverage were reported with 95% confidence intervals. Paired
permutation tests were used for operating-point sensitivity and
specificity. For subgroup analyses, false discovery rate adjust-
ment was applied across gestational-age, hemolysis, feeding, and
nursery groups. Reported percentages use the test denominator
relevant to each metric, and confidence intervals are described
in text rather than displayed in tables.

Ablation experiments removed individual model components.
The first ablation removed the low-rank transition and used a full
transition matrix. The second removed the treatment-response
gate. The third removed the monotonic treatment response
penalty. The fourth removed inverse observation weighting.
The fifth removed the contrastive term. The sixth removed
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Table 5 Operating Point Performance at Matched Sensitivity

Model Sensitivity (%) Specificity (%) Missed High-risk Rebound (%)

Gradient Boosting 85.6 64.1 12.8

Transformer Encoder 86.9 67.8 9.4

Temporal Convolution 85.2 66.0 10.6

Conformal Tensor State Model 89.7 72.4 6.1

Table 6 Conformal Prediction Characteristics

Metric Internal Test External Nursery Temporal Test

Empirical Coverage (%) 91.8 90.4 91.4

Ambiguous Set Rate (%) 18.6 24.9 22.1

Singleton No-rebound (%) 67.2 59.8 63.1

Singleton Rebound (%) 14.2 15.3 14.8

Average Set Size 1.19 1.25 1.22

nursery-stratified conformal calibration and used a single global
quantile. The seventh removed missingness embeddings [16].
Each ablation was retrained from scratch with the same early-
stopping rule.

Robustness tests addressed three practical concerns. The
first test used only infants with observed follow-up bilirubin
or documented follow-up, reducing outcome uncertainty. The
second test used only total serum bilirubin values, excluding
transcutaneous measurements. The third test simulated delayed
laboratory availability by removing the final bilirubin value when
it was obtained within two hours before cessation [17]. The
delayed-availability test was intended to approximate settings
where the most recent laboratory result is unavailable at the
moment a discharge decision is being planned.

The external nursery test evaluated domain movement. The
fifth nursery was not used in model fitting. It had a lower
rate of documented hemolysis testing, more transcutaneous
screening, and earlier discharge planning. Since the conformal
calibration set did not include this nursery, coverage could
degrade [18]. A sensitivity analysis applied score-distribution
alignment using unlabeled external nursery courses, but the
main external result did not use external labels. This distinction
is important because labeled recalibration may not be available
before initial deployment.

The temporal test evaluated calendar movement. Two nurs-
eries changed post-phototherapy monitoring guidance during the
later period. The guidance encouraged fewer routine rebound
bilirubin checks for low-risk term infants and more targeted
follow-up for infants with hemolysis risk. This changed ob-
servation patterns and the apparent rebound endpoint. Inverse
observation weighting was expected to reduce but not eliminate
this effect. The temporal test therefore provides a demanding
evaluation of both discrimination and coverage.

The interpretability analysis examined latent states and feature
effects. The burden direction q⊤Zit, treatment gate git, and low-

rank state coordinates were compared across rebound and non-
rebound courses. A linear probe predicted clinically recognized
risk groups from latent states. Counterfactual input perturbations
changed one clinical factor at a time, such as setting hemolysis
indicator from present to absent or increasing final bilirubin
distance below threshold, while keeping other variables fixed.
These perturbations were not interpreted as causal clinical effects.
They were used to check whether the model’s score moved in
clinically plausible directions.

5. Results
The clinical rule score achieved area under the receiver operating
curve of 0.742 and area under the precision-recall curve of 0.286
on the internal test set. Logistic regression improved these
values to 0.781 and 0.334. Gradient boosting reached 0.824
and 0.421. The recurrent neural network reached 0.832 and
0.447. The transformer encoder reached 0.846 and 0.489. The
temporal convolution model reached 0.837 and 0.461. The
proposed conformal tensor state model reached 0.872 area under
the receiver operating curve and 0.566 area under the precision-
recall curve. The difference in area under the precision-recall
curve between the proposed model and the transformer was
0.077, with a 95% bootstrap confidence interval from 0.052 to
0.101.

At the calibration-selected threshold, gradient boosting
achieved 85.6% rebound sensitivity and 64.1% specificity. The
transformer achieved 86.9% sensitivity and 67.8% specificity.
The proposed model achieved 89.7% sensitivity and 72.4%
specificity. For high-risk rebound, gradient boosting missed
12.8%, the transformer missed 9.4%, and the proposed model
missed 6.1%. The proposed model recommended additional
observation or repeat bilirubin assessment for 33.6% of infants,
compared with 38.9% for the transformer at matched sensitivity.
This means the proposed model captured more rebound cases
while reducing some unnecessary alerts.
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Table 7 Ablation Study of Model Components

Ablation Variant Internal AUPRC External AUPRC Main Effect

Full Transition Matrix 0.532 0.472 Overfitting increase

No Treatment-response Gate 0.514 0.458 Weaker trajectory modeling

No Phototherapy Penalty 0.545 0.498 Reduced stability

No Observation Weighting 0.557 0.481 Temporal drift increase

No Contrastive Term 0.548 0.493 Poor latent clustering

Full Proposed Model 0.566 0.521 Best generalization

Table 8 Subgroup Performance Analysis

Subgroup AUPRC Sensitivity (%) Ambiguous Sets (%)

Term Infants 0.534 90.4 11.2

Late-preterm Infants 0.603 88.1 29.4

Hemolysis-positive 0.621 91.2 33.8

Missing Hemolysis Testing 0.487 86.4 24.1

Serum-only Measurements 0.544 88.8 20.7

The positive predictive value remained modest because re-
bound was uncommon. The proposed model’s positive predic-
tive value at the binary threshold was 26.1%, compared with
20.4% for gradient boosting and 23.3% for the transformer.
Negative predictive value was 98.5%. For high-risk rebound,
the positive predictive value was 14.8% and the negative pre-
dictive value was 99.4%. These values should be interpreted
in the context of a screening task. The model is not meant to
definitively diagnose rebound; it is meant to identify infants who
may need closer follow-up.

Calibration improved relative to neural baselines. Expected
calibration error was 0.071 for gradient boosting, 0.083 for the
recurrent model, 0.096 for the transformer, and 0.049 for the
proposed model after temperature calibration. Adaptive calibra-
tion error was 0.058 for the proposed model. Calibration slope
was 0.94, compared with 0.81 for the transformer, indicating
less overconfident spread. Nursery-specific calibration error
ranged from 0.038 to 0.066 for the proposed model, whereas the
transformer ranged from 0.071 to 0.128. The largest calibration
improvement occurred in the step-down unit, where rebound
prevalence was higher and measurement frequency was denser.

Conformal prediction produced 91.8% empirical coverage
on the internal test set at nominal 90.0% coverage. Coverage for
term infants was 92.1%, and coverage for late-preterm infants
was 90.7%. Coverage for infants with hemolysis indicators was
90.9%. The ambiguous set rate was 18.6%, and the average
set size was 1.19. Singleton no-rebound recommendations
accounted for 67.2% of courses, singleton rebound recommen-
dations for 14.2%, and ambiguous recommendations for 18.6%.
Among singleton no-rebound recommendations, missed rebound
occurred in 1.3% of courses and missed high-risk rebound in
0.3%.

The conformal sets were more efficient for lower-risk infants.

Among term infants without hemolysis indicators and with final
bilirubin at least 2.0 mg/dL below threshold, 82.5% received
singleton no-rebound sets and only 7.1% received ambiguous
sets. Among late-preterm infants with hemolysis indicators,
34.8% received ambiguous sets and 27.6% received singleton
rebound sets. This behavior is expected because the calibration
procedure expands uncertainty in groups with higher residual
error [19]. The method therefore does not apply the same caution
level to every infant.

On the external nursery test, the proposed model achieved area
under the precision-recall curve of 0.521, compared with 0.368
for gradient boosting and 0.436 for the transformer. Empirical
conformal coverage fell to 88.6% with the original calibration
quantiles. Nursery-adaptive mixed quantiles improved coverage
to 90.4% while increasing ambiguous set rate from 21.3% to
24.9%. The external nursery had more transcutaneous measure-
ments and fewer direct antiglobulin test results, which likely
contributed to the shift. The model remained useful but less
efficient, recommending additional evaluation for 37.8% of
courses.

On the temporal test, area under the precision-recall curve
was 0.538 for the proposed model, 0.392 for gradient boosting,
and 0.442 for the transformer. Conformal coverage was 91.4%,
and ambiguous set rate was 22.1%. The transformer’s calibration
error increased from 0.096 internally to 0.147 temporally. The
proposed model’s calibration error increased from 0.049 to
0.067. The temporal change in monitoring guidance therefore
affected both models, but the proposed model degraded less.
Inverse observation weighting accounted for part of this stability;
removing it increased temporal calibration error to 0.091.

Ablation results showed that the low-rank dynamic structure
mattered. Replacing the low-rank transition with a full transition
matrix increased training performance but reduced internal test
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Table 9 Error Pattern Review in Internal Test Cases

Error Category Count Dominant Cause Clinical Implication

Missed Rebound 118 Delayed rise after discharge Follow-up vulnerability

False Alerts 420 Near-threshold bilirubin Conservative monitoring

Measurement Disagreement 11 TcB–TSB mismatch Modality uncertainty

Missing Hemolysis Testing 17 Incomplete evaluation Latent risk underestimation

Timing Inconsistencies 10 Documentation mismatch Workflow noise

Table 10 Clinical Trade-offs of the Proposed Monitoring Policy

Policy Outcome Proposed Model Usual Care Net Effect

Additional Review Recommendations 33.6% 18.9% +14.7 per 100 courses

Missed High-risk Rebound 0.3% 1.0% Reduced misses

Negative Predictive Value 98.5% 95.8% Safer discharge support

Positive Predictive Value 26.1% 18.4% Improved enrichment

External Nursery Observation Rate 37.8% 24.6% Higher caution under shift

area under the precision-recall curve from 0.566 to 0.532 and
external nursery performance from 0.521 to 0.472. Removing
the treatment-response gate reduced internal area under the
precision-recall curve to 0.514. Removing the phototherapy
monotonic penalty reduced it to 0.545. Removing inverse
observation weighting had a small effect internally but a larger
effect temporally, reducing temporal area under the precision-
recall curve from 0.538 to 0.503. Removing the contrastive term
reduced internal area under the precision-recall curve to 0.548.

Using global conformal calibration instead of nursery-
stratified calibration preserved overall coverage but produced
uneven subgroup behavior. Overall coverage was 91.1%, but
coverage in the step-down unit was 86.7%, and coverage in the
community nursery was 94.8%. Nursery-stratified calibration
reduced this spread, with coverage ranging from 90.1% to 93.0%.
The price was a slightly higher ambiguous set rate. This illus-
trates a common coverage-efficiency trade-off. More localized
calibration protects higher-risk settings but expands uncertainty
where calibration sample size is limited.

The observed-follow-up-only sensitivity analysis produced
similar discrimination but slightly lower apparent rebound preva-
lence. In the subset with documented follow-up bilirubin or
follow-up notes, the proposed model reached area under the
precision-recall curve of 0.581 and high-risk missed rebound of
5.8%. The transformer reached 0.501 and 8.7%. The similarity
suggests that inverse observation weighting did not create the
main performance advantage. It mainly improved calibration
under temporal observation changes.

The serum-only robustness analysis showed a modest de-
crease. Excluding transcutaneous bilirubin channels reduced
the proposed model’s area under the precision-recall curve from
0.566 to 0.544. The decrease was larger in the external nurs-
ery, where transcutaneous screening was more common. The
delayed-laboratory simulation had a larger effect. Removing

final bilirubin values obtained within two hours before cessation
reduced area under the precision-recall curve to 0.492 and in-
creased ambiguous conformal sets to 27.8%. This test shows that
the model depends meaningfully on recent bilirubin information,
which is clinically reasonable. Without a near-cessation value,
uncertainty rises.

Subgroup analysis showed strongest performance in term
infants without hemolysis indicators and weakest performance
in late-preterm infants with incomplete laboratory data. For
term infants, area under the precision-recall curve was 0.534, but
because prevalence was low, high-risk missed rebound was only
4.9%. For late-preterm infants, area under the precision-recall
curve was 0.603, reflecting higher prevalence and stronger signal,
but missed rebound was 8.2% because some cases rose quickly
after cessation. For infants with positive hemolysis indicators,
the model achieved 91.2% sensitivity and 65.3% specificity. For
infants with missing hemolysis testing, sensitivity was 86.4%
and specificity 71.8%.

The model’s recommendations would increase observation
in some groups. Compared with documented usual care, the
proposed conformal policy recommended additional review for
14.7 more infants per 100 treated courses. Most additional
recommendations occurred in late-preterm infants, infants with
feeding concerns, and infants whose final bilirubin was within
1.5 mg/dL of the risk-adjusted threshold. The policy would
reduce missed high-risk rebound by 6.7 cases per 1,000 treated
courses in the internal test. Whether this exchange is acceptable
depends on nursery capacity and local follow-up infrastructure.

6. Latent State Analysis and Error Patterns
The learned latent state contained a bilirubin burden direction
that tracked observed bilirubin values but did not merely re-
produce them. The correlation between the burden coordinate
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and the last pre-cessation bilirubin distance below threshold
was -0.68. The coordinate also increased with hemolysis indica-
tors, earlier postnatal age, and weak treatment decline. Infants
with rebound had higher burden coordinate at cessation than
non-rebound infants, with standardized mean difference 0.74.
Among infants with similar final bilirubin distance, the burden
coordinate separated those with rapid phototherapy decline from
those with persistent slow decline. This suggests that the state
captured trajectory shape rather than only the final value.

The treatment-response gate showed clinically plausible vari-
ation. The average gate value during phototherapy was 0.61 for
non-rebound courses and 0.43 for rebound courses. Infants with
intensive phototherapy and strong bilirubin decline had high
gate values. Infants with hemolysis indicators often had lower
gate values even when bilirubin decreased, implying persistent
production pressure. Late-preterm infants had slightly lower
gate values after adjustment for bilirubin level, consistent with
slower clearance or feeding immaturity. These interpretations
are cautious because the model is statistical, but the patterns
were stable across bootstrap samples.

A two-dimensional projection of final latent states showed
four recurring regions [20]. One region contained term infants

with low final bilirubin and no rebound. A second contained
infants with high final bilirubin near threshold but adequate
treatment response; many received ambiguous conformal sets.
A third contained hemolysis-associated rebound cases with early
cessation age. A fourth contained feeding-associated rebound
cases with weight loss and intake concerns but less strong
hemolysis evidence. The model’s errors were concentrated near
boundaries between the second, third, and fourth regions.

Missed rebound cases were reviewed. Among 118 rebound
cases missed by the binary proposed model in the internal
test, 31 had incomplete follow-up data until return, 27 had
bilirubin values more than 2.0 mg/dL below threshold at cessa-
tion but rose rapidly, 22 had feeding deterioration documented
only after discharge, 17 had missing hemolysis testing, 11 had
transcutaneous-to-serum measurement disagreement, and 10
had record-timing inconsistencies. High-risk missed rebound
was rare but clinically important. Those cases often involved
rapid post-cessation rise in infants whose treatment response
appeared adequate. This indicates that even time-resolved mod-
els may fail when a latent production process changes after
cessation.

False alerts were more common than misses. Among 420
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false alert cases reviewed, 143 involved bilirubin near threshold
but stable or declining after discharge, 91 involved late-preterm
infants kept in an ambiguous set because of calibration uncer-
tainty, 76 involved feeding concerns that improved quickly, 54
involved hemolysis indicators without rebound, 32 involved
missing recent serum values, and 24 involved documentation
inconsistencies. These false alerts are not all equivalent. Some
would be reasonable candidates for follow-up despite no ob-
served rebound. Others represent unnecessary caution. The
model cannot fully distinguish these without more precise post-
discharge feeding and follow-up data.

Counterfactual perturbations produced expected score move-
ment. Increasing the final bilirubin distance below threshold by
1.0 mg/dL reduced predicted rebound probability by a median
of 0.071. Changing hemolysis indicator from present to absent
reduced probability by 0.049. Increasing weight loss from 5.0%
to 9.0% increased probability by 0.038. Removing the final
pre-cessation bilirubin value increased conformal ambiguity
rather than consistently increasing rebound probability. This
behavior is useful because missing a recent value should make
the model less certain, not automatically classify the infant as
rebound positive.

The low-rank transition improved temporal smoothness. The
full transition ablation produced sharper latent jumps and higher
apparent training discrimination but worse external performance.
In external nursery testing, its calibration slope was 0.71, com-
pared with 0.91 for the low-rank model. This indicates overcon-
fident transport of internal timing patterns. The low-rank model
constrained temporal interactions enough to generalize better
across measurement practices. The result supports the use of
structured linear algebraic constraints when clinical sequences
are irregular and moderate in length.

The contrastive term shaped neighborhoods in latent space
[21]. Without it, infants with similar outcomes but different
measurement frequency separated by nursery practice. With
it, nearest neighbors more often shared rebound status and
gestational-age category rather than nursery setting [22]. In
the internal test set, the proportion of the ten nearest latent
neighbors sharing outcome status increased from 71.2% without
contrastive training to 78.5% with it. The proportion sharing
nursery setting decreased from 62.9% to 51.4%. This shift
did not remove all nursery signal, but it reduced representation
clustering by documentation pattern.

The observation model revealed selective follow-up. Infants
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with final bilirubin within 1.0 mg/dL of threshold had 2.8 times
higher odds of observed follow-up than infants more than 3.0
mg/dL below threshold. Late-preterm infants had 1.9 times
higher odds of follow-up [23]. Nursery setting changed follow-up
odds even after adjustment for bilirubin distance and gestational
age. Inverse observation weighting therefore addressed a real
source of bias. Removing the weights made the model more
optimistic for low-follow-up nurseries and less calibrated after
monitoring guidance changed.

The conformal layer behaved differently from ordinary thresh-
olding. Some infants with predicted rebound probability around
0.30 received singleton rebound sets because their calibration
stratum had high uncertainty. Others with probability around
0.35 received ambiguous sets rather than singleton rebound be-
cause the non-rebound score also passed the conformal threshold.
This set-valued behavior may appear unfamiliar compared with
binary thresholds, but it better reflects uncertainty in borderline
clinical contexts. The model is not only saying whether rebound
is probable; it is saying whether the available evidence supports
excluding rebound at the desired error level.

Ambiguous conformal sets were concentrated in clinically

recognizable situations. The ambiguous rate was 11.2% for term
infants with no hemolysis indicators, 29.4% for late-preterm
infants, 33.8% for infants with hemolysis indicators, and 31.1%
when the final bilirubin value was missing or transcutaneous
only. This concentration is desirable if ambiguity corresponds
to cases where caution is reasonable. However, high ambiguous
rates can strain workflow. When the nominal miscoverage level
was relaxed from 10.0% to 15.0%, the ambiguous rate fell from
18.6% to 12.9%, but missed high-risk rebound among singleton
no-rebound recommendations increased from 0.3% to 0.7%.
The choice of α should therefore be local.

External nursery errors showed the effect of measurement
modality. The external nursery used transcutaneous screening
more heavily after phototherapy cessation. Transcutaneous
values near thresholds introduced uncertainty because their
relationship to serum values after phototherapy is imperfect.
The model often assigned ambiguous sets in these cases. When
analysis was restricted to external nursery courses with serum
values near cessation, area under the precision-recall curve
increased from 0.521 to 0.557 and ambiguous rate decreased
from 24.9% to 19.8%. This does not mean serum testing should
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be universal; it shows that the model appropriately reflects
uncertainty from modality differences.

The temporal monitoring change produced a label-
observation problem. Fewer low-risk infants had routine rebound
bilirubin checks, so some unobserved mild rebounds may have
been missed. The inverse weighting model estimated lower
observation probability after the guidance change and increased
weights for low-risk infants with follow-up. This helped cali-
bration but could not fully recover unmeasured outcomes. A
sensitivity analysis assuming that 2.0% of unobserved low-risk
infants had unrecorded rebound reduced estimated specificity
slightly but did not change the ordering of models. Stronger
assumptions changed absolute performance but still favored the
tensor state model.

The model was least reliable for infants discharged very early
after cessation. When discharge occurred within six hours after
phototherapy stopped, the missed rebound rate among low-risk
recommendations was 2.0%, compared with 0.9% when obser-
vation continued longer than six hours. This is expected because
early discharge reduces the information available about imme-
diate rebound. The conformal layer partially compensated by
increasing ambiguous recommendations in early-discharge cases.
Still, the finding suggests that models should be linked to actual
follow-up feasibility. A low-risk prediction is less reassuring if
the infant cannot obtain timely outpatient reassessment.

7. Conclusion
This paper presented a conformal tensor state model for predict-
ing neonatal bilirubin rebound within 24 hours after phototherapy

cessation. The method combines time-indexed clinical tensors,
low-rank latent dynamics, treatment-response gating, inverse
observation weighting, and split conformal prediction. In a
multi-nursery cohort, it improved rebound discrimination over
clinical rules, gradient boosting, recurrent models, and trans-
former encoders. It also reduced missed high-risk rebound while
maintaining conformal coverage under internal, external nursery,
and temporal testing.

The main result is not that rebound can be perfectly predicted.
It cannot be, given irregular follow-up, changing feeding status,
measurement variability, and incomplete hemolysis information.
The more useful result is that structured time modeling improved
risk separation and allowed uncertainty to be expressed as a
set-valued recommendation [24]. The conformal layer made the
model more cautious in groups where errors were more likely,
especially late-preterm infants, hemolysis-associated cases, and
courses without recent serum measurements. This caution
increased observation recommendations but reduced missed
high-risk events.

The latent state analysis suggested that the model learned
clinically recognizable patterns. A bilirubin burden direction re-
flected more than the final measured value. Treatment-response
gates were lower in rebound courses and in infants with continu-
ing production risk. Ambiguous sets clustered in settings where
clinicians would often hesitate. These findings support the
plausibility of the model, although they do not prove biological
mechanism. The model remains a statistical decision-support
tool trained on historical records.

Several limitations should guide interpretation. The outcome
depends partly on whether follow-up bilirubin values were ob-
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tained, and observation practices varied by nursery and calendar
period. Inverse observation weighting reduces this bias but
cannot remove it completely. Some variables, including feeding
adequacy and bruising, were extracted from documentation
and may be inconsistently recorded. The external nursery test
showed lower efficiency, indicating that local calibration matters.
The model also performed worse when recent bilirubin values
were unavailable, which may limit usefulness in settings with
delayed laboratory turnaround. The proposed policy would
identify more infants at risk for rebound but would recommend
additional review for some infants who would not rebound.
Whether this is acceptable depends on nursery capacity, outpa-
tient follow-up access, parental travel burden, and local tolerance
for missed rebound. The model should not be used as a stand-
alone discharge authority. It is better suited to highlighting
infants for closer clinical review and supporting standardized
follow-up planning.

Future work should test the approach prospectively, with clear
measurement protocols after phototherapy cessation. Additional
data on feeding volume, stooling, lactation support, outpatient
follow-up completion, and serum-transcutaneous differences
could improve performance. Local conformal calibration should
be monitored after guideline or workflow changes. A useful
next step is a silent trial in which model recommendations are
recorded but do not affect care, followed by review of missed
rebound and alert burden. Only after such evaluation could the
model’s role in discharge planning be judged responsibly.
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