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Abstract

Extreme multi-label next-visit diagnosis forecast-
ing from electronic health records is dominated
by label sparsity. Each visit contains only a
handful of positive ICD-10 codes among thou-
sands of candidates, yet codes are strongly cor-
related through comorbidity structure. In this
regime, standard element-wise objectives (such
as focal, and class-balanced loss) often maximize
sensitivity at the cost of severe precision degra-
dation, producing clinically impractical alert vol-
umes. We propose an architecture-compatible
dependency-aware ranking loss that (i) reweights
per-code correctness under severe imbalance,
(ii) aggregates errors with rank-based empha-
sis on the hardest labels, and (iii) regularizes
predictions with a learned pairwise dependency
term in the output space. Using an EHR Trans-
former backbone, we evaluate on the CPRD co-
hort (V=1,538 codes), benchmarking loss func-
tions on 200,000 patients and validating scala-
bility up to 3.2 million. The proposed objective
shifts the precision–recall trade-off toward fewer
false positives while maintaining competitive
sensitivity, and preserves overall ranking qual-
ity (PRC–AUC comparable to weighted BCE).
In addition, it yields an auditable population-
level dependency matrix summarizing learned
co-occurrence structure. These results suggest
that explicit output-space structure can improve
the precision–recall trade-off in sparse, high-
dimensional next-visit diagnosis prediction from
EHRs.

∗ Corresponding author: iris.s.s.ho@ed.ac.uk

Data and Code Availability This paper uses data
from the Clinical Practice Research Datalink (CPRD),
which provides anonymized primary care records from
the UK. Access to CPRD data is subject to protocol
approval by the Independent Scientific Advisory Com-
mittee (ISAC) and licensing agreements. Therefore,
the raw data cannot be made publicly available. Im-
plementations of the proposed dependency-aware loss
and baseline loss functions are publicly available.1

Institutional Review Board (IRB) This study
does not require Institutional Review Board (IRB)
approval. The study was conducted using the CPRD,
which consists entirely of de-identified, retrospective
electronic health records. As the data is anonymized
and involves no direct interaction with human sub-
jects, this work is exempt from IRB review.

1. Introduction

Electronic Health Records (EHRs) capture longitudi-
nal patient trajectories and enable predictive models
to forecast future diagnoses and stratify risk (Wang
et al., 2024). Transformer-based architectures, in-
cluding BEHRT (Li et al., 2020) and Med-BERT
(Rasmy et al., 2021), have become common backbones
for learning representations from sequences of visits
and clinical concepts. In multi-label diagnosis pre-
diction, however, performance is often limited less
by the encoder than by the training objective. Most

1. https://github.com/Irisisi/dependency-aware-loss
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systems optimise a per-label sigmoid binary cross-
entropy (BCE), implicitly treating each code as an
independent Bernoulli outcome.

This standard paradigm faces two central difficulties
in next-visit ICD-10 code prediction. First, the label
space is extremely sparse. At a typical visit, only a
small number of diagnoses are recorded (e.g., 2–8 pos-
itives) out of a vocabulary of thousands, so positives
are orders of magnitude rarer than negatives. Under
this regime, weighted cross-entropy (BCE) often pri-
oritises the overwhelming number of easy negatives,
yielding high specificity but low sensitivity to rare
diagnoses. Conversely, losses designed to emphasise
hard or rare examples, such as focal loss (Lin et al.,
2017) or class-balanced reweighting (Cui et al., 2019),
can over-correct under extreme sparsity, achieving
high recall by producing a large number of false alerts
and thereby driving precision to levels that are difficult
to operationalise in clinical review workflows.

Second, element-wise multi-label objectives decom-
pose supervision as a sum over labels, which is
equivalent to modelling each code as an independent
Bernoulli given the patient representation. They fac-
torise the joint distribution as

∏V
v=1 P (yv | x). This

ignores clinically grounded dependencies between diag-
noses (e.g., type 2 diabetes co-occurring with chronic
kidney disease) and provides no explicit penalty for
predicting incoherent or implausible diagnosis sets.
While a Transformer encoder may learn some correla-
tions implicitly in its latent space, the objective itself
does not constrain the output to reflect comorbidity
structure.

To address these challenges, we propose a dependency-
aware loss tailored to high-dimensional, sparse multi-
label prediction. The objective (i) prioritises hard
codes through rank-weighted aggregation, mitigating
gradient dilution under sparsity, and (ii) introduces a
learnable interaction regulariser that couples labels to
encourage coherent comorbidity structure. This yields
an architecture-compatible loss (requiring only per-
code logits) and an inspectable dependency matrix
for global auditing. Our central question is whether
coupling labels and prioritising relative ranking can
improve present and new diagnosis detection under
extreme sparsity without collapsing precision.

2. Related Work

EHR Transformers and input structure. Trans-
former architectures are widely used for modelling
EHR trajectories, including next-visit prediction and
masked modelling of clinical concepts (Li et al., 2020;
Rasmy et al., 2021). Many approaches represent a
patient record as a sequence of visits and embed clini-
cal concepts with visit-/time-aware context (Li et al.,
2020; Rasmy et al., 2021; Rupp et al., 2023; Moore
et al., 2024). Within a visit, diagnoses are inher-
ently set-valued (unordered), making invariance to
within-visit permutations a natural inductive bias.
Set-function models such as Deep Sets and attention-
based Set Transformers formalise architectures that
respect this symmetry (Zaheer et al., 2017; Lee et al.,
2019). More broadly, empirical work on tabular and
set-structured data shows that neural pipelines can
become sensitive to arbitrary feature/element order
when invariance is not enforced (Zhu et al., 2022). We
therefore adopt an explicitly order-invariant within-
visit representation, ensuring that our loss function
comparisons are not confounded by sensitivity to ar-
bitrary input ordering.

Distinction from scalar and binary prediction
tasks. A large body of EHR prediction work targets
scalar or low-dimensional outcomes, such as mortal-
ity risk, readmission, or treatment effect estimation,
where the output is a single probability or a small
number of classes (Yang et al., 2022; Darabi et al.,
2020; Lee et al., 2025). In contrast, next-visit diag-
nosis prediction is an extreme multi-label task. The
output is a high-dimensional binary vector over a
large ICD vocabulary, with only a handful of positives
per visit. This regime yields a qualitatively different
optimisation landscape, as gradients from rare posi-
tives are easily diluted by the vast accumulation of
negatives.

Loss design under extreme sparsity and label
dependence. Most diagnosis predictors are trained
with sigmoid cross-entropy, which treats each label as
an independent Bernoulli given the patient represen-
tation (Li et al., 2020). Under extreme sparsity, stan-
dard BCE is often dominated by easy negatives. This
has motivated the use of imbalance-aware objectives
such as weighted BCE, focal loss (Lin et al., 2017), and
class-balanced reweighting (Cui et al., 2019). However,
these objectives remain element-wise. They rescale
per-label contributions but still optimise each label in-
dependently, ignoring clinically grounded correlations.
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In very high-dimensional spaces, such reweighting can
shift the operating point toward high recall at the cost
of markedly reduced precision. This necessitates loss
functions that can (i) separate true codes from the vast
background of negatives and (ii) encode output-level
structure reflecting known comorbidity patterns.

3. Methodology

3.1. Dataset and Preprocessing

Cohort. We use anonymised EHRs from the CPRD,
a UK database with linked secondary-care ICD–10
diagnoses. We selected this large-scale cohort specif-
ically to evaluate optimisation behaviour in a high-
dimensional, extremely sparse label space. This allows
us to rigorously evaluate the loss function’s stability
and scalability across varying data regimes (up to 3.2
million patients), rather than focusing on external
validation across smaller, lower-dimensional cohorts.
We use 5,000 patients for hyperparameter tuning and
stability checks, and assess scalability on 200,000 and
3.2 million patients using the same protocol.

Code vocabulary and scope. We use a long-term
condition codelist, containing 1,538 ICD-10 codes ob-
served in the cohort to focus on multimorbidity pat-
terns (Anonymous Authors, 2022). Acute conditions
and non-diagnostic entries are excluded. To strictly
isolate the impact of the loss function on extreme
sparsity and dependence, we restrict inputs to diag-
noses. We use diagnosis-only inputs as a controlled
setting to isolate the effect of the objective under ex-
treme multi-label sparsity and comorbidity structure.
Additional modalities such as medications and labora-
tory values are clinically important, but would intro-
duce modality-specific preprocessing, missingness, and
temporal-alignment assumptions, making it harder to
attribute gains specifically to the loss function.

Visit construction and multi-hot representa-
tion. For each patient i, diagnosis events are sorted by
date to recover the temporal order of visits. Records
from the same day are grouped into a single visit,
yielding visit-level diagnosis sets {Si,ℓ}Li

ℓ=1 ordered in
time by their visit dates, where Si,ℓ ⊆ {1, . . . , V } and
V = 1,538. Within each visit, diagnoses are treated as
an unordered set (no within-visit sequence is assumed).
Each visit is represented as a multi-hot vector

xi,ℓ ∈ {0, 1}V , [xi,ℓ]v = I{v ∈ Si,ℓ},

so the patient trajectory is Xi = [xi,1, . . . , xi,Li
]⊤ ∈

{0, 1}Li×V .

Prediction task. We study next-visit diagnosis pre-
diction as an extreme multi-label problem. Given
history up to visit ℓ, the model predicts the ICD–
10 code vector at visit ℓ + 1. In addition to overall
code prediction, we report performance on new-code
prediction, where positives are codes that have not
previously appeared in the patient’s history.

3.2. Backbone Predictor

We use a hierarchical EHR encoder to map a pa-
tient’s past visits to per-code logits for the next visit.
The backbone is identical for all losses in Section 3.5.
We choose this causal, order-invariant hierarchical
Transformer so that differences reflect the loss, not
architectural confounds. Our comparisons isolate the
effect of the training objective.

Within-visit set encoding. Each ICD–10 code
v ∈ {1, . . . , V } has a learned embedding e

(icd)
v ∈ RD.

Given the multi-hot visit vector xi,ℓ (Section 3.1), we
extract the set of embeddings for active codes and
summarise them with permutation-invariant TopK
attention (Gupta et al., 2021):

vi,ℓ = TopK
(
{e(icd)v : [xi,ℓ]v = 1}

)
∈ RD.

This construction respects the set-valued nature of
within-visit diagnoses and prevents dependence on any
arbitrary within-visit ordering. Full TopK equations
are provided in Appendix B.

Temporal and demographic covariates and em-
beddings. Each visit representation is augmented
with visit position, age, sex, and the time since the
previous visit. Let di,ℓ denote the date of visit ℓ for
patient i. We compute

ai,ℓ = agei(di,ℓ), ∆τi,ℓ =

{
0, ℓ = 1,

di,ℓ − di,ℓ−1, ℓ > 1,

and denote sex by si (broadcast to all visits). In the
model, we map these covariates and the visit index ℓ
to learned embeddings in RD,

e
(pos)
i,ℓ , e

(age)
i,ℓ , e

(time)
i,ℓ , e

(sex)
i,ℓ ∈ RD,

and form the input to the across-visit encoder by
addition (Appendix C):

z
(0)
i,ℓ = vi,ℓ + e

(pos)
i,ℓ + e

(age)
i,ℓ + e

(time)
i,ℓ + e

(sex)
i,ℓ .
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Figure 1: Model Architecture: EHR-Hierarchical Transformer (EHR-HiT).

Across-visit temporal encoder (causal). The
sequence (z

(0)
i,1 , . . . , z

(0)
i,Li

) is passed through a causal
transformer based on FAVOR+ (Choromanski
et al., 2020), yielding contextualised visit states
(z

(1)
i,1 , . . . , z

(1)
i,Li

) with attention restricted to past vis-
its only. FAVOR+ provides linear-time attention in
sequence length. Details are in Appendix D.

Next-visit multi-label prediction. Given the con-
textualised state at visit ℓ, the model outputs logits
ŷi,ℓ+1 ∈ RV for the codes at the next visit:

ŷi,ℓ+1 = fθ

(
z
(1)
i,ℓ

)
, p̂i,ℓ+1 = σ(ŷi,ℓ+1).

All losses considered in Section 3.5 operate on these
per-code logits/probabilities. The architecture above
is fixed.

3.3. New-Code-Enriched Masked-Visit
Training

To align training with early detection, we use a new-
code-enriched masked-visit objective for optimisation
and for computing the validation loss used in learning-
rate scheduling and early stopping. For each patient
trajectory i, eligible target visits are visits contain-
ing at least one ICD-10 code that has not appeared
earlier in the patient’s history. Each eligible visit is

selected independently with probability pvisit = 0.15.
Trajectories with no selected eligible visit contribute
no supervised target for this objective in that iteration.
If no eligible visit is selected in an entire mini-batch,
the supervised update is skipped.

For a selected target visit ℓ, we apply a BERT-style
corruption scheme (Devlin et al., 2019) to the active
ICD-10 codes at that visit: 80% are removed from the
corrupted input representation, 10% are replaced with
randomly sampled ICD-10 codes, and 10% remain un-
changed. The original visit vector xi,ℓ is therefore
replaced by a corrupted version x̃i,ℓ in the same V -
dimensional ICD-10 input space. The model receives
the history up to visit ℓ − 1 together with the cor-
rupted target visit x̃i,ℓ, and produces masked-visit
reconstruction logits ŷmask

i,ℓ for the original, uncor-
rupted multi-label diagnosis vector at visit ℓ.

Although supervision is enriched for visits containing
new diagnoses, the prediction target remains the full
diagnosis vector. The model outputs probabilities
over all ICD-10 codes (V = 1,538), predicting which
codes are present at the selected visit rather than
only which codes are newly incident. The incident-
code distinction is applied only at evaluation time
to assess early case-finding utility. We evaluated
pvisit ∈ {0.15, 0.30, 0.40, 0.60, 0.80} while keeping the
within-visit 80/10/10 corruption scheme fixed (Ap-
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pendix H). Performance differences were not statis-
tically significant, but larger sampling probabilities
increased computation by up to 41% due to slower
convergence. We therefore use pvisit = 0.15 as the
default.

For threshold selection, calibration, held-out testing,
and inference, no target-visit sampling, corruption,
or masked-visit reconstruction is applied. Given the
observed history up to visit ℓ, the model produces
test-time forecasting logits ŷtest

i,ℓ+1 for the complete
diagnosis vector at the next visit ℓ+ 1.

3.4. Dependency-Aware Loss

The proposed training objective operates on masked
target visits (Section 3.3). For each valid entry
(b, ℓ, v) ∈ S, the model outputs logits ŷb,ℓ,v ∈ R and
probabilities p̂b,ℓ,v = σ(ŷb,ℓ,v) with targets yb,ℓ,v ∈
{0, 1}.

Imbalance-aware correctness. We use a bounded,
differentiable per-code correctness score cb,ℓ,v ∈ [0, 1],
and then re-weight it within each mini-batch to
counter extreme sparsity.

cb,ℓ,v = 1−
∣∣p̂b,ℓ,v −yb,ℓ,v

∣∣ = {
p̂b,ℓ,v, yb,ℓ,v = 1,

1− p̂b,ℓ,v, yb,ℓ,v = 0 ,

(1)
and re-scale it on each mini-batch to counter extreme
sparsity. Let

P =
∑

(b,ℓ,v)∈S

yb,ℓ,v, N =
∑

(b,ℓ,v)∈S

(
1− yb,ℓ,v

)
, (2)

where S = {(b, ℓ, v) : yb,ℓ,v ∈ {0, 1}} denotes valid
positions. We define

wpos =
N

P + ϵ
, wneg = αneg

P

N + ϵ
, (3)

where ϵ > 0 ensures numerical stability and αneg > 0
tunes the relative weight on negatives, thereby control-
ling the precision–recall trade-off. The class-weighted
correctness is

c̃b,ℓ,v =

{
wpos c

b,ℓ,v, yb,ℓ,v = 1,

wneg c
b,ℓ,v, yb,ℓ,v = 0 .

(4)

The raw correctness score cb,ℓ,v lies in [0, 1]. After class
reweighting, however, c̃b,ℓ,v is an optimisation score
and is not constrained to lie in [0, 1]. Consequently,

the aggregate score below should be interpreted as a
training objective quantity, not as a calibrated proba-
bility or bounded accuracy measure.

Rank-weighted (listwise) aggregation. Within
a visit (b, ℓ), we sort the valid values {c̃b,ℓ,v}v∈Vb,ℓ in
descending order c̃b,ℓ(1) ≥ · · · ≥ c̃b,ℓ

(|Vb,ℓ|) and compute an
ordered weighted average that emphasises the lowest
class-weighted correctness entries:

Cb,ℓ =

|Vb,ℓ|∑
i=1

2i

|Vb,ℓ|
(
|Vb,ℓ|+ 1

) c̃b,ℓ(i). (5)

This listwise weighting counters gradient dilution by
assigning the largest coefficients to the smallest class-
weighted correctness entries.

Label-space interaction. Element-wise losses op-
timise each label independently. Unlike the flexible
multi-label dependence losses surveyed by Hüllermeier
et al. (2022), which primarily study structured de-
pendence modelling in the output distribution, the
proposed objective is architecture-compatible and
optimisation-driven, combining imbalance-aware cor-
rectness, rank-weighted aggregation, and a lightweight
learned pairwise compatibility term over per-label log-
its. To encourage output-space compatibility among
predicted labels, we add a learned quadratic interac-
tion on the unsorted vector c̃ b,ℓ = (c̃b,ℓ,v)Vv=1:

Vb,ℓ = {v : yb,ℓ,v ∈ {0, 1}},

rawb,ℓ =
1

|Vb,ℓ|
(c̃ b,ℓ)⊤Wc̃ b,ℓ,

sb,ℓ = σ
(
rawb,ℓ

)
,

Ib,ℓ = 1− sb,ℓ.

(6)

where |Vb,ℓ| =
∑V

v=1 I[yb,ℓ,v ∈ {0, 1}] is the number of
valid non-padding labels for that target visit. Because
W is symmetric with zero diagonal,

(c̃ b,ℓ)⊤Wc̃ b,ℓ = 2
∑
u<v

Wuv c̃
b,ℓ,uc̃b,ℓ,v.

Thus, each unordered label pair is counted twice. This
constant factor is absorbed into the tuned interaction
strength λreg. Equivalently, one could include a factor
of 1/2 in the quadratic term without changing the
qualitative form of the objective.

The TopK attention layer models relationships be-
tween codes in the representation space, producing
a permutation-invariant summary of the active diag-
noses within each visit. The label-space interaction
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term plays a different role. Whereas standard multi-
label objectives such as BCE, focal loss, and class-
balanced loss treat output labels independently, the
quadratic term (c̃ b,ℓ)⊤Wc̃ b,ℓ introduces explicit cou-
pling between label-level optimisation signals. This
encourages predictions to follow a learned output-
space compatibility structure, reducing isolated weak
positive predictions that can contribute to precision
collapse under extreme imbalance. The resulting ma-
trix W is also directly inspectable. High-weight en-
tries can be audited as predictive compatibilities under
the training objective, rather than as causal effects or
empirical co-occurrence frequencies. We do not super-
vise W with empirical co-occurrence, as this would
impose a prevalence-biased dependency prior rather
than a task-specific predictive compatibility structure.
We parameterise W as a free matrix and enforce sym-
metry with a zero diagonal at each forward pass, so
that W = W⊤ and diag(W) = 0 throughout train-
ing. The matrix is regularised using decoupled weight
decay through AdamW.

Final objective. For each selected masked target
visit, the dependency-aware objective is

Lb,ℓ = 1− Cb,ℓ + λreg Ib,ℓ. (7)

Here, Cb,ℓ denotes the class-weighted correctness term,
Ib,ℓ denotes the label-space interaction regulariser,
and λreg ≥ 0 controls the strength of this regularisa-
tion. We minimise the average objective over selected
masked training targets. Since Cb,ℓ is a weighted cor-
rectness score rather than a log-likelihood, Lb,ℓ is used
as an optimisation objective and is not constrained to
be non-negative. Appendix I provides the full formu-
lation.

3.5. Benchmarking Loss Functions

We compare the proposed dependency-aware objective
against three standard element-wise losses commonly
used for imbalanced multi-label prediction: weighted
BCE, class-balanced loss (Cui et al., 2019), and fo-
cal loss (Lin et al., 2017). All losses are evaluated
under the same encoder, optimiser, masking strategy,
data splits, and threshold-selection protocol. Only
the training objective is changed. Weighted BCE
serves as the standard baseline for sparse multi-label
diagnosis prediction. It applies code-specific positive
weights so that rare positive labels contribute more
strongly to the loss. Class-balanced loss assigns a code-
level weight based on the effective number of positive

examples observed in the mini-batch. In our imple-
mentation, this code-level weight is applied to all valid
entries for that code. Focal loss further downweights
easy examples and emphasises hard or misclassified la-
bels through a focusing term. For fairness, all baseline
weights are estimated after excluding padded labels,
and all objectives are averaged over the same valid
label entries. Full mathematical definitions, masking
details, and numerical-stability choices are provided in
Appendix J. In the results, weighted BCE is denoted
as BCE for brevity.

Empirically, these objectives differ in how they re-
spond to extreme sparsity. In our experiments,
weighted BCE produced a more conservative oper-
ating point, whereas class-balanced and focal losses
increased sensitivity to rare or hard labels but also
tended to increase false positives. The proposed
dependency-aware loss is designed to target an in-
termediate operating regime by combining imbalance-
aware correctness, rank-weighted aggregation over
hard labels, and an explicit output-space dependency
regulariser.

4. Experiments

4.1. Model Training and Hyperparameter
Tuning

All models are trained with AdamW (Loshchilov and
Hutter, 2017) using a learning rate of 1 × 10−4 and
weight decay of 1 × 10−4. We monitor validation
loss for early stopping and use a ReduceLROnPlateau
schedule that halves the learning rate when validation
loss does not improve for three consecutive epochs.
Training uses mixed precision for efficiency. Detailed
hyperparameters and architectural configurations are
provided in Appendix E.

We evaluate all loss functions (BCE, focal, class-
balanced, and dependency-aware) under an identi-
cal backbone architecture (Section 3.2), optimiser,
masking strategy (Section 3.3), and data splits. We
perform patient-level 3-fold cross-validation. In each
fold, one fold is held out for testing, and the remaining
folds are used for training with a validation split for
learning-rate scheduling, early stopping, and thresh-
old selection. Validation loss for learning-rate schedul-
ing and early stopping is computed using the same
masked-visit denoising objective as training. Thresh-
old selection and post-hoc calibration are performed
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separately on the validation split using the uncor-
rupted next-visit forecasting protocol used at held-out
test time. To account for optimisation variance, we
repeat each fold with three random seeds and report
95% CI/mean(SD) across the resulting nine runs.

Hyperparameters of the dependency-aware loss are
tuned and described in Appendix F. Specifically, we
sweep αneg, which controls the relative weight on neg-
atives and therefore the precision–recall trade-off, and
λreg, which scales the label-interaction regulariser. We
additionally perform ablations by removing individual
loss components to quantify their contributions in
Appendix K. All tuned settings are then fixed for the
larger-scale experiments on 200,000 and 3.2 million
patients.

To test architectural compatibility beyond the Trans-
former, we repeat key comparisons with a temporal
convolutional network (TCN) backbone and observe
the same qualitative trends (Appendix L). We also
examine recall as a function of available history length
at a fixed decision threshold (Appendix M).

4.2. Evaluation Metrics

We evaluate performance using micro-averaged pre-
cision, recall, Fβ , balanced accuracy, and the area
under the precision–recall curve (PRC-AUC; average
precision). Given the extreme sparsity of the label
space, we prioritise metrics that remain informative
when negatives vastly outnumber positives.

Threshold-free evaluation (PRC-AUC vs. AU-
ROC). Under severe class imbalance, AUROC can
appear high even when precision is low, because it
is dominated by true negatives (Davis and Goadrich,
2006). We therefore report PRC-AUC (average preci-
sion) as the primary threshold-independent measure
of ranking quality.

Threshold-dependent metrics and operating
point. For point metrics (precision, recall, Fβ , bal-
anced accuracy), we evaluate at a single decision
threshold τ chosen on the validation split and then
held fixed on the test split. To define a clinically con-
servative operating point under extreme imbalance,
we select τ to control false positives on validation
(high-specificity setting) and apply the same τ for
all reported point metrics. We additionally report
Fβ=2 to summarise the precision–recall trade-off with
increased emphasis on recall.

Contextualising absolute performance. A typi-
cal visit contains 2 (Q1) to 8 (Q3) true codes out of
V=1,538, i.e. only ≈ 0.13%–0.52% of labels are posi-
tive per visit. If a random predictor selects k codes
uniformly and the visit contains M true codes, then
its expected precision is M/V and its expected recall
is k/V . For M = 2 to M = 8, the expected random
precision is therefore approximately 0.0013–0.0052,
with balanced accuracy close to 0.50. Accordingly,
precision values in the 10%–15% range correspond to
substantial enrichment over random selection under
extreme label imbalance.

Statistical significance. We assess significance us-
ing a paired permutation (randomization) test on
matched fold–seed runs (N=9 pairs). P-values are
estimated from 10,000 random sign-flips of the paired
score differences, yielding a nonparametric test that
does not assume normality (Noguchi et al., 2021; Di-
Ciccio and Efron, 1996).

Post-hoc calibration analysis. Because discrimina-
tion does not guarantee well-calibrated probabilities,
we evaluated calibration of the predicted per-code
risks (Guo et al., 2017). The dependency-aware ob-
jective is designed primarily for discrimination and
operating-point behaviour, so we applied post-hoc
isotonic calibration. An isotonic regressor was fit-
ted on the validation split only, using pooled multil-
abel predictions and binary outcomes across all valid
visit–code entries, and then applied unchanged to the
held-out test split. We report expected calibration
error, Brier score, and log loss on the test set, with
additional inspection of the higher-probability region
because the label space is extremely sparse and most
predictions are near zero.

5. Results

Impact of Loss Function on Learning Dynamics

We first examine optimisation stability under extreme
label sparsity. Figure 2 shows the training and valida-
tion loss trajectories together with validation balanced
accuracy. Because the four objectives use different
weighting and scaling schemes, raw loss values are
not directly comparable across methods. We there-
fore use balanced accuracy as a common diagnostic of
learning progress. All methods are trained with the
same optimisation protocol: AdamW with learning
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Figure 2: Comparison of Model Training Stability
Using BCE Loss and Dependency-Aware Loss Across
Different Folds.

rate 1× 10−4, weight decay 1× 10−4, and ReduceL-
ROnPlateau scheduling. Under this fixed protocol,
the BCE baseline shows greater volatility in valida-
tion balanced accuracy across epochs. In contrast, the
dependency-aware, focal, and class-balanced losses
exhibit smoother convergence and more stable valida-
tion plateaus. This pattern suggests that per-batch
reweighting and output-space coupling can reduce
sensitivity to extreme within-batch prevalence fluctu-
ations.

Performance comparison: overall prediction
and new-code detection. Table 1 reports stan-
dard present-versus-absent metrics together with a
dedicated new-code detection row. On balanced accu-
racy (new-code detection), the dependency-aware loss
reaches 0.738, substantially above BCE (0.598), while
focal and class-balanced losses achieve higher values
(0.857 and 0.785) through a much more recall-biased
operating regime.

Across the standard metrics, the objectives show
distinct precision–recall profiles. Focal and class-
balanced losses achieve very high sensitivity (0.947
and 0.959), but precision falls to 0.020 and 0.009.
BCE gives the highest precision (0.212), but much
lower sensitivity (0.247), meaning that many positive
diagnoses are missed. The dependency-aware loss pro-
vides the best middle ground. It more than doubles
sensitivity relative to BCE (0.526 vs. 0.247), retains
much higher precision than focal and class-balanced
losses (0.119), and achieves the best F2 score (0.311).
Its PRC-AUC (0.163) is comparable to BCE (0.170,

p > 0.05) and higher than focal (0.103) and class-
balanced loss (0.129, p < 0.05; Figure 3). Overall,
the proposed objective improves the selected operat-
ing point while preserving competitive threshold-free
ranking quality.

Figure 4: Reliability diagram for post-hoc isotonic-
calibrated next-visit code predictions on the held-out
test set.

Probability calibration. Because ranking perfor-
mance alone does not ensure reliable probability es-
timates, we evaluated post-hoc calibration for the
dependency-aware model. In our multilabel next-visit
diagnosis setting, absolute risk corresponds to the
probability that a given ICD-10 code occurs at the
next visit. We fitted an isotonic regressor on the vali-
dation set and applied it unchanged to the untouched
test set. After calibration, the reliability curve lies
close to the 45◦ line over most of the prediction mass,
whereas the raw scores are overconfident in the higher-
probability region (Figure 4). The calibrated probabil-
ities achieve ECE 0.00015, Brier score 0.00388, and log
loss 0.0178 overall. Among predictions with estimated
probability at least 0.5, ECE remains low at 0.0328.
These results show that the proposed objective can be
paired with reliable absolute risk estimates through a
simple validation-only calibration step.

Scalability. We further validated the objective on
larger cohorts to assess stability in separate runs with
re-formed train/validation/test splits at each scale.
On 200,000 patients, the model achieved a balanced
accuracy of 0.75 (95% CI 0.73–0.77) and improved
ranking quality (PRC-AUC 0.19). Scaling to the full
3.2-million patient cohort maintained similar perfor-
mance, yielding a balanced accuracy of 0.79 (95% CI
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Table 1: Comparison of Loss Functions on Key Metrics (95% CI). Bold indicates the best performance in
a row; † indicates the lowest performance. Note that the dependency-aware loss is the only objective that
never yields the lowest performance across any metric, demonstrating better stability. See Appendix G for
complete definitions.

Metric Dependency-aware loss BCE Class balanced loss Focal loss

Balanced Accuracy (present vs absent) 0.754 (0.747–0.762) 0.621 (0.603–0.639)† 0.784 (0.779–0.788) 0.856 (0.851–0.860)
Balanced Accuracy (new-code detection) 0.738 (0.729–0.746) 0.598 (0.583–0.613)† 0.785 (0.779–0.791) 0.857 (0.853–0.861)
Recall (Class 1) / Sensitivity 0.526 (0.511–0.540) 0.247 (0.211–0.283)† 0.959 (0.948–0.970) 0.947 (0.936–0.957)
Recall (Class 0) / Specificity 0.986 (0.982–0.989) 0.999 (0.999–0.999) 0.593 (0.560–0.627)† 0.763 (0.750–0.776)
Precision 0.119 (0.108–0.130) 0.212 (0.164–0.261) 0.009 (0.006–0.011)† 0.020 (0.010–0.021)
F2 Score 0.311 (0.293–0.330) 0.235 (0.194–0.275) 0.043 (0.030–0.055)† 0.092 (0.074–0.098)
PRC-AUC 0.163 (0.149–0.177) 0.170 (0.158–0.182) 0.129 (0.117–0.141) 0.103 (0.086–0.121)†

Figure 3: Pairwise Differences Between Loss Functions and Ablation of Dependency-Aware Components.

0.77–0.82) and PRC-AUC of 0.19, indicating stable
behaviour at population scale.

Ablation study: disentangling ranking and in-
teraction

To identify the source of the gains, we ablate the
two core components of the dependency-aware loss
(Appendix K). Removing rank-weighted aggregation
(Eq. 5) produces a pronounced collapse in operating-
point behaviour, with precision dropping from 0.119
to 0.010 and balanced accuracy dropping from 0.738
to 0.623 (with significant paired differences, p < 0.05).
This supports the interpretation that prioritising the
lowest-correctness labels through rank weighting is the
dominant mechanism that preserves precision under
extreme sparsity. Removing the interaction regulariser
(Eq. 6) yields smaller changes in aggregate metrics
(p > 0.05), consistent with its role in targeting sparse
pairwise structure rather than visit-level balanced ac-
curacy. Nonetheless, removing it consistently reduces
recall. We therefore retain it in the full objective.
It injects an explicit compatibility bias that discour-
ages medically incoherent co-predictions and yields
an auditable dependency matrix, without materially

degrading balanced accuracy at the selected operating
point.

Qualitative analysis of learned dependencies.

A key advantage of the proposed approach is global
transparency. Figure 5 visualises the learned depen-
dency matrix W. Unlike attention mechanisms, which
are instance-specific and operate in latent represen-
tation space, W is a single population-level param-
eter acting in the output space through Eq. (6). It
summarises which label co-predictions the objective
encourages or discourages. Because W is symmet-
ric (W = W⊤) with a zero diagonal, it captures
undirected associations rather than directional or
causal effects. Qualitatively, the strongest couplings
align with recognizable clinical and coding associa-
tions. Chronic kidney disease (N18.5) has high posi-
tive compatibility with malignancy-related codes (C*),
consistent with the documented CKD–cancer inter-
relationship (Hu et al., 2022). Diabetes–renal struc-
ture is also recovered: type 2 diabetes with compli-
cations (E11.6) couples to nephropathy/CKD diag-
noses, aligning with diabetic kidney disease pathways
(Bakris, 2011). Endocrine–hepatic interactions also ap-
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Figure 5: Heatmaps of High-Confidence ICD-10 Code Dependencies

pear, with thyroid-related codes (e.g., E05.* / C73) co-
occurring with hepatic dysfunction (e.g., K72.*), con-
sistent with the thyroid–liver axis (Piantanida et al.,
2020). Finally, post-tuberculosis sequelae (B90.*) cou-
ple with dementia/Alzheimer’s codes (e.g., F00.* /
G30.0), matching cohort evidence of increased demen-
tia risk after TB (Peng et al., 2015).

To assess whether the learned dependencies reflect
broader structure rather than isolated high-weight
pairs, we clustered the learned output-space matrix
W over the full label space using the final 3.2M-
patient checkpoint. The clustered heatmap in Fig-
ure 10 shows coherent block structure, indicating
that the dependency term learns organised diagno-
sis communities rather than diffuse pairwise noise.
Table 6 provides readable examples of high-weight
positive edges from the same matrix. These recover
recognizable clinical and coding patterns, including
type 2 diabetes–hypertension, depression–anxiety, and
diabetes–retinopathy. Spectral clustering further iden-
tifies interpretable communities, including a coronary
disease cluster containing I20., I21.9, and I25. codes,
and a diabetes/complications cluster containing E10.1,
E10.9, and H36.0. Together, the results support the
intended interpretation of W as an auditable output-
space compatibility matrix. The learned structure
allows domain experts to inspect coherent and unex-
pected label relationships without aggregating millions
of instance-level attention maps.

Computational efficiency Despite the additional
interaction term, the dependency-aware loss remains
computationally efficient. On an NVIDIA A100
(80GB) and on the 5,000-patient development set
(same backbone and training configuration across ob-
jectives), average training time per epoch differed by

about 10% across objectives (6.0 min dependency-
aware vs. 6.5 min BCE and 5.9 min focal). The
loss implementation is fully vectorised and avoids ex-
plicit loops over the label space, so the dominant cost
remains the Transformer backbone rather than loss
evaluation when scaling to larger cohorts.

6. Discussion and Conclusion

This study systematically evaluated training objec-
tives for forecasting multi-label ICD-10 diagnoses un-
der extreme sparsity. Across matched folds and seeds,
focal and class-balanced objectives mitigate positive-
signal dilution and maximise recall, but they do so
with precision below 2%, implying that the major-
ity of flagged codes are false positives. In clinical
decision support, such alert volumes are difficult to
operationalise and can contribute to alarm fatigue,
undermining trust and uptake even when sensitivity
is high (Cvach, 2012; Ancker et al., 2017). Standard
BCE exhibits the opposite limitation. It is compara-
tively precise but misses a substantial fraction of true
diagnoses. The primary contribution of this work is
therefore not a uniform improvement on every met-
ric, but an objective that shifts the operating regime
toward a more favourable precision–recall balance. It
improves recall over BCE while avoiding the extreme
precision collapse of other imbalance-handling losses.

Mechanistically, the ablation study indicates that the
rank-weighted aggregation is the dominant driver of
this operating-point behaviour. By emphasising the
lowest-correctness (hardest) labels within each target
visit, the loss counteracts gradient dilution caused
by the overwhelming mass of easy negatives. This
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introduces an inductive bias closer to listwise ranking,
prioritising relative separation between active codes
and a large negative background, rather than treat-
ing each label as an independent Bernoulli objective
with uniform aggregation (Burges et al., 2005; Cao
et al., 2007). This perspective is consistent with the
empirical pattern that focal and class-balanced ob-
jectives can inflate recall by amplifying weak signals
broadly, while degrading precision in extremely sparse,
high-dimensional label spaces.

The quadratic interaction term provides a comple-
mentary form of dependency awareness. Transformer
encoders such as BEHRT and Med-BERT can cap-
ture correlations implicitly in representation space via
self-attention (Li et al., 2020; Rasmy et al., 2021), yet
the training objectives are typically element-wise and
provide no explicit coupling between output labels.
The proposed interaction regulariser addresses this
by coupling labels during optimisation through an ex-
plicit compatibility term. Although ablations indicate
that rank-weighted aggregation is the primary driver
of improvements in balanced accuracy, we retain the
interaction term because it acts as a structural fil-
ter. It injects a compatibility bias into the gradients,
discouraging medically incoherent co-predictions that
aggregate metrics may not penalise. Moreover, it
yields a single population-level dependency matrix W
that is directly auditable (Lafferty et al., 2001; Zhang
and Zhou, 2013). This transparency supports model
auditing by allowing domain experts to inspect the
comorbidity structure encouraged by the objective
and to flag unexpected associations.

A key practical implication is that absolute precision
values must be interpreted in the context of extreme
base rates and evaluation granularity. Each visit is
scored against V=1538 candidate labels, so even a
modest micro-precision corresponds to a large enrich-
ment over random guessing. At the same time, our
results do not imply that any of the evaluated objec-
tives are directly deployable as an autonomous alerting
system without additional constraints. Instead, the
proposed loss is most naturally suited to shortlist-
style decision support (e.g., ranking and presenting a
limited number of candidate codes under a fixed alert
budget) or as the first stage in a multi-step pipeline
with downstream filtering and calibration. Reporting
PRC-AUC alongside thresholded point metrics is es-
sential here, because AUROC can remain high under
extreme imbalance even when precision is clinically
unacceptable (Davis and Goadrich, 2006; Saito and

Rehmsmeier, 2015). Several limitations remain. The
objective introduces additional hyperparameters that
require tuning, and the learned dependency structure
is a static population-level summary that cannot adapt
to patient-specific subphenotypes. Our evaluation also
focuses on long-term conditions. Generalisation to
acute settings and external datasets remains to be es-
tablished. We include a TCN compatibility check, but
broader validation across backbones and multimodal
settings remains an important next step. Future work
should also evaluate explicit alert-budgeted operating
points and more data-efficient parameterisations of
W, such as low-rank or group-structured forms.

In summary, effective extreme multi-label diagnosis
prediction requires not only expressive encoders but
objectives aligned with the realities of sparse, corre-
lated medical labels. Under severe imbalance, com-
mon losses occupy qualitatively different operating
regimes. By prioritising hard labels via rank-weighted
aggregation and introducing an explicit output-space
compatibility bias with an auditable dependency ma-
trix, the proposed loss moves the model toward a less
extreme and more operationally useful precision–recall
trade-off.
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Appendix A. Compute Resources

All experiments were run on a Kubernetes cluster
with NVIDIA A100-SXM4 (80GB) GPUs. Unless
otherwise stated, runs used a single GPU. On the
development set used for hyperparameter tuning and
ablations, training required approximately 5 minutes
per epoch (training pass only; validation/testing ex-
cluded). We found that the additional compute cost
of the dependency-aware interaction term was negligi-
ble compared with the Transformer backbone, adding
< 10% overhead in step time relative to BCE under
the same configuration.

Appendix B. Binary structured EHR
input and TopK attention

Binary structured EHR data. Our training sam-
ples consist of binary visit-level vectors denoting the
presence or absence of long-term-condition ICD-10
codes recorded at a given healthcare visit. After pre-
processing (Section 3.1), data are provided to the
model as a binary input tensor

I ∈ {0, 1}B×L×V ,

where B is the batch size, L is the maximum num-
ber of visits per patient, and V is the size of the
ICD-10 long-term-condition vocabulary. The same V -
dimensional ICD-10 input space is used for corrupted
training inputs. Corruption is implemented by mod-
ifying entries within this ICD-code vector: selected
active codes may be removed, replaced by randomly
sampled ICD-10 codes, or left unchanged. No addi-
tional prediction label is introduced. For each patient
b and visit ℓ, let

Xb,ℓ = {v : Ib,ℓ,v = 1}

denote the set of active conditions at that visit.

Input to TopK attention. Each active condition
gv is expanded into a D-dimensional embedding using
a learned condition-embedding matrix E ∈ RV×D. In
tensor form,

H ∈ RB×L×V×D, Hb,ℓ,v,d = Ib,ℓ,vEv,d.

The condition dimension is preserved, so relationships
between individual long-term conditions can be mod-
elled within each visit. Attention is applied over the
active set Xb,ℓ, rather than over absent condition slots.

TopK attention. To model within-visit relation-
ships between co-occurring conditions, we adopt the
TopK attention mechanism of Gupta et al. (2021). For
notational simplicity, the equations below show one
attention head with per-head query/key dimension
dh; the implementation uses six heads.

For visits with |Xb,ℓ| > 0, the embedding tensor H is
linearly projected into query, key, and value tensors.
For one head,

Qb,ℓ,v,d =
∑
d′

Hb,ℓ,v,d′WQ,d′,d,

Kb,ℓ,v,d =
∑
d′

Hb,ℓ,v,d′WK,d′,d,

Vb,ℓ,v,d =
∑
d′

Hb,ℓ,v,d′WV,d′,d,

where d = 1, . . . , dh and WQ,WK ,WV ∈ RD×dh for
each head.

For active query and key conditions v, v′ ∈ Xb,ℓ, the
unnormalised attention score is

Ab,ℓ,v,v′ =
1√
dh

dh∑
d=1

Qb,ℓ,v,dKb,ℓ,v′,d.

Let Topκ(b, ℓ, v) denote the indices of the κ largest
scores among active key conditions v′ ∈ Xb,ℓ for query
condition v. If fewer than κ active conditions are avail-
able, all active conditions are retained. The masked
attention scores are then

Atop,b,ℓ,v,v′ =

{
Ab,ℓ,v,v′ , v′ ∈ Topκ(b, ℓ, v),

−∞, v′ ∈ Xb,ℓ \ Topκ(b, ℓ, v).

so that non-selected active conditions receive zero
mass after the softmax. Equivalently, the softmax
is computed only over the selected active set. Each
active condition embedding is refined as

Ob,ℓ,v,d =
∑

v′∈Xb,ℓ

Softmaxv′ (Atop,b,ℓ,v,v′)Vb,ℓ,v′,d,

v ∈ Xb,ℓ.

Finally, the visit-level embedding is obtained by aver-
aging over the active conditions:

Hvisit,b,ℓ,d =


1

|Xb,ℓ|
∑

v∈Xb,ℓ

Ob,ℓ,v,d, |Xb,ℓ| > 0,

0, |Xb,ℓ| = 0.

Visits with |Xb,ℓ| = 0 are excluded from downstream
temporal attention using the visit mask. This corre-
sponds to the visit-level vectors vi,ℓ in Section 3.2.
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Appendix C. Visit Embeddings

For each patient b with up to L visits we produce one
visit embedding hvisit

b,ℓ ∈ R256 per visit index ℓ. At
visit ℓ, we first compute five channels, each in R256:

hvisit
b,ℓ = hICD

b,ℓ +hpos
b,ℓ +hage

b,ℓ +hsex
b,ℓ +hival

b,ℓ , h
(·)
b,ℓ ∈ R256.

The code-level TopK attention uses six heads, and
the visit-level FAVOR+ encoder likewise uses six fast-
attention heads operating over Hvisit ∈ RB×L×256.

Components of a visit vector

• ICD-10 code attended embedding (256 dim)
— present ICD–10 codes receive 256-dim token
vectors via TopK multi-head attention, producing
hICD
b,ℓ ∈ R256.

• Position embedding (256 dim) — we maintain
a learned lookup table of length Lmax = 96 (
(Devlin et al., 2019)). At run-time we look up
the 256-dim vector for visit index ℓ and add it to
the other channels. If longer sequences are ever
needed, this slot can be swapped to sinusoidal
(Vaswani et al., 2017) or rotary embeddings (Su
et al., 2024).

• Age embedding (256 dim) — the raw age in
years at visit ℓ of patient b is mapped to a 256-dim
vector and added:

hage
b,ℓ ∈ R256.

• Sex embedding (256 dim) — the binary code
sexb,ℓ ∈ {0, 1} is mapped to a 256-dim vector and
added:

hsex
b,ℓ ∈ R256.

• Visit time interval embedding (256 dim) —
let ∆tb,ℓ = tb,ℓ − tb,ℓ−1 be the days since the
previous visit; we map ∆tb,ℓ to a 256-dim vector
and add it:

hival
b,ℓ ∈ R256.

We then use addition

hvisit
b,ℓ = hICD

b,ℓ + hpos
b,ℓ + hage

b,ℓ + hsex
b,ℓ + hival

b,ℓ ∈ R256,

and stack over b, ℓ to get Hvisit ∈ RB×L×256, which is
fed into the transformer encoder.

Appendix D. Fast attention
Mechanism for
Visit-Level Embeddings

Extracting temporal and clinical patterns from EHRs
requires attention layers that are both scalable and
causal. Conventional multi-head attention (Vaswani
et al., 2017) can capture rich dependencies, but dense
attention has quadratic cost in the number of visits
and, if used without a causal mask, allows future vis-
its to influence earlier representations. We therefore
use FAVOR+ (Choromanski et al., 2020), which ap-
proximates softmax attention with positive random
features and can be implemented in linear time with
causal prefix sums.

D.1. From dense softmax attention to
random-feature attention

Let Hvisit ∈ RB×L×D denote the sequence of visit-
level embeddings. For clarity, the equations below
omit the batch and head indices and describe a single
attention head. The implementation uses standard
multi-head FAVOR+ attention. Given a visit sequence
H ∈ RL×D, learned projections produce queries, keys,
and values:

Q = HWQ, K = HWK , V = HWV ,

with

WQ ∈ RD×d, WK ∈ RD×d, WV ∈ RD×dv ,

so that

Q,K ∈ RL×d, V ∈ RL×dv .

Dense softmax attention computes

Softmax

(
QK⊤
√
d

)
V,

where d is the per-head query/key dimension. The
L× L attention matrix is the quadratic bottleneck.

FAVOR+ uses a positive random feature map ϕ :
Rd → Rr to approximate the softmax kernel:

exp

(
q⊤k√

d

)
≈ ϕ(q)⊤ϕ(k),

where r is the number of random features. We follow
Choromanski et al. (2020) for the exact positive or-
thogonal random feature construction used to approx-
imate the softmax kernel. With ΦQ = ϕ(Q) ∈ RL×r
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and ΦK = ϕ(K) ∈ RL×r, the non-causal linear atten-
tion form can be written as

A(Q,K, V ) ≈ Z−1ΦQ

(
Φ⊤

KV
)
,

where the diagonal normalizer is

Z = diag
[
ΦQ

(
Φ⊤

K1L

)]
.

This avoids forming the dense L × L attention ma-
trix, reducing the attention computation to linear
dependence on the sequence length for fixed feature
dimension r.

D.2. Causality via prefix sums

Medical forecasting requires each visit representation
to depend only on the information available up to that
visit. FAVOR+ implements causal linear attention
by replacing global sums with prefix sums. Let ϕ(qℓ)
and ϕ(kℓ) denote the random-feature query and key
vectors at visit ℓ. Define

Sℓ =

ℓ∑
i=1

ϕ(ki)v
⊤
i ∈ Rr×dv , zℓ =

ℓ∑
i=1

ϕ(ki) ∈ Rr.

The causal attention output at visit ℓ is

oℓ =
ϕ(qℓ)

⊤Sℓ

ϕ(qℓ)⊤zℓ + ε
,

with a small ε > 0 used for numerical stability. This
form ensures that the representation at visit ℓ depends
only on visits 1, . . . , ℓ and not on future visits.

In the full model, the TopK ICD attention module
first produces the visit embeddings Hvisit. These em-
beddings are then passed through multi-head causal
FAVOR+ attention, the head outputs are concate-
nated and projected, and the resulting sequence is
passed to the next Transformer block. The encoder
is therefore linear in the number of visits, memory-
efficient for long EHR histories, and consistent with
the past-only forecasting setup used throughout the
paper.

Appendix E. Model configuration

All experiments reported in this paper used the same
settings.

Table 2: Model Configuration Parameters

Parameter Value
Batch size (B) 98
Maximum sequence length (L) 96
Vocabulary size (V ) 1538
Number of attention heads (Hattn) 6
TopK for ICD attention (κ) 16
Hidden size (D) 256
Hidden dropout probability (pdrop) 0.1
Layer normalization epsilon (ϵLN) 1× 10−12

Number of random features (RFAVOR+) 64
Intermediate size (DFFN) 1024
Number of Transformer layers (Lhidden) 6
Attention dropout probability (pattn) 0.1

Sequence length and TopK attention. We fix
the maximum visit sequence length at L = 96 as
a pragmatic trade-off between coverage and compu-
tational cost. In the curated CPRD, most patient
trajectories contain only a small number of visits
(median = 4, minimum = 2), so L = 96 provides
substantial headroom beyond typical histories. The
choice of L was reviewed with clinical collaborators
to ensure that the retained context is plausible for
longitudinal risk modelling while remaining tractable
for routine evaluation.

For the small long tail of patients with histories longer
than L, we avoid systematically privileging either the
earliest or the most recent portion of the record by
sampling a contiguous window of length L uniformly
at random from the available visits and preserving the
chronological order within that window. This yields
a simple, reproducible rule that limits computational
load while reducing bias that could arise from always
truncating at the head or tail of the sequence.

We additionally use ICD-level TopK attention with
k = 16 to control within-visit sparsity. Visits can con-
tain many correlated codes, and restricting attention
to the k most salient code embeddings reduces noise
from dense co-documentation while keeping compu-
tation bounded. In practice, k = 16 was selected to
capture multi-problem visits without collapsing to an
overly diffuse representation.
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Appendix F. Hyperparameter Tuning
of the Dependency-Aware
Loss Function

To evaluate our dependency-aware loss under extreme
label imbalance, we performed a two-stage sweep (Ta-
ble 3) over its two key hyperparameters: the negative-
weight multiplier αneg, which controls the relative
emphasis on negatives via wneg = αneg

P
N+ϵ and there-

fore trades precision against recall by penalising false
positives, and the interaction regularisation strength
λreg, which scales the interaction penalty. We first
sweep αneg at fixed λreg = 0.10, then sweep λreg at
fixed αneg = 25. Each setting was assessed via three-
fold cross-validation on held-out visits, reporting mean
± SD for recall, precision, Fβ=2, balanced accuracy,
and average precision.

Effect of αneg. Holding λreg = 0.10 fixed, increasing
αneg produces the expected precision–recall trade-off.
Small values (αneg ∈ {1, 2}) under-penalise false posi-
tives, yielding very high recall (≈ 0.90) but very low
precision (≈ 0.02), with correspondingly low Fβ=2

(≈ 0.09–0.11). As αneg increases, precision rises while
recall falls; at very large αneg (e.g. 200), recall drops to
≈ 0.08 while precision increases substantially (≈ 0.55),
again reducing Fβ=2. The best compromise in this
sweep is achieved at αneg = 25, with recall ≈ 0.53, pre-
cision ≈ 0.12, Fβ=2 ≈ 0.31, balanced accuracy ≈ 0.76
(present/absent), and average precision ≈ 0.16.

Effect of λreg. Fixing αneg = 25, we sweep λreg and
observe that performance is relatively stable in the
range shown in Table 3, with the strongest overall
trade-off at λreg = 10. Larger values yield diminish-
ing returns and small declines in Fβ=2 and average
precision, consistent with mild over-regularisation of
the interaction term. Based on these results, we select
αneg = 25 and λreg = 10 for all subsequent experi-
ments, as this setting consistently balances sensitivity
and precision while capturing meaningful ICD-10 code
dependencies.

Appendix G. Definition and
Interpretation of
Evaluation Metrics

G.1. Test-time evaluation protocol

At test time, the model outputs a probability vector
over all V=1538 ICD-10 codes for each target visit.
We evaluate performance on a subset of target visits
that contain at least one incident code, defined as a
code that appears for the first time in that patient’s
history at that visit (the “new” codes). Let T denote
this set of target visits.

We report two stratified evaluations on the same T .
For a target visit (b, ℓ) ∈ T , let N b,ℓ be the set of
new (first-occurrence) codes at that visit, and let Ob,ℓ

be the set of codes that are present at the visit but
have appeared previously in the patient’s history (“old”
codes). To avoid conflating the two tasks, metrics are
computed on different subsets of label entries:

Snew =
{
(b, ℓ, v) : (b, ℓ) ∈ T , v ∈ N b,ℓ or yb,ℓ,v = 0

}
,

Sold =
{
(b, ℓ, v) : (b, ℓ) ∈ T , v ∈ Ob,ℓ or yb,ℓ,v = 0

}
.

Thus, rows labelled “new” in our tables report metrics
computed on Snew (incident positives versus absent
negatives), while rows labelled “old” report metrics
on Sold (previously-seen positives versus absent nega-
tives). In both cases, each triplet (b, ℓ, v) is treated as
a binary decision, and all metrics below are computed
by pooling outcomes over the corresponding evaluated
set S ∈ {Snew,Sold}.

In our dataset, a typical visit contains between 2 (first
quartile) and 8 (third quartile) true ICD-10 codes out
of V=1538 possible labels, corresponding to a positive
rate over label entries of approximately 0.13%–0.52%.
If a random predictor selects k codes uniformly and
the visit contains M true codes, then

E[TP] =
kM

V
, E[Precision] =

M

V
, E[Recall] =

k

V
.

For M = 2 to M = 8, the expected random precision is
therefore approximately 0.0013–0.0052. The expected
balanced accuracy is close to 0.50, since TPR = k/V
and TNR = 1 − k/V . This illustrates the challenge
posed by extreme label imbalance and contextualises
precision values in the 10%–15% range as substantial
enrichment over random selection.
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Loss αneg λreg Recall Precision Fβ=2 Bal. Acc. (present/absent) Avg. Prec. Bal. Acc. (new/old)

DA 200 0.10 0.080 ± 0.000 0.553 ± 0.017 0.096 ± 0.001 0.541 ± 0.001 0.160 ± 0.023 0.527 ± 0.007
DA 100 0.10 0.240 ± 0.023 0.203 ± 0.036 0.230 ± 0.011 0.598 ± 0.012 0.163 ± 0.017 0.573 ± 0.007
DA 50 0.10 0.377 ± 0.014 0.173 ± 0.017 0.305 ± 0.017 0.684 ± 0.006 0.157 ± 0.014 0.657 ± 0.017
DA 25 0.10 0.527 ± 0.040 0.120 ± 0.000 0.314 ± 0.011 0.755 ± 0.020 0.163 ± 0.007 0.737 ± 0.014
DA 10 0.10 0.717 ± 0.024 0.063 ± 0.007 0.234 ± 0.017 0.835 ± 0.009 0.167 ± 0.007 0.810 ± 0.011
DA 5 0.10 0.817 ± 0.028 0.040 ± 0.000 0.167 ± 0.001 0.867 ± 0.012 0.167 ± 0.007 0.847 ± 0.007
DA 2 0.10 0.903 ± 0.024 0.023 ± 0.007 0.105 ± 0.026 0.872 ± 0.008 0.167 ± 0.007 0.863 ± 0.007
DA 1 0.10 0.923 ± 0.024 0.020 ± 0.000 0.092 ± 0.000 0.863 ± 0.008 0.163 ± 0.007 0.857 ± 0.007

DA 25 10.00 0.517 ± 0.024 0.123 ± 0.007 0.315 ± 0.015 0.750 ± 0.013 0.167 ± 0.013 0.730 ± 0.011

DA 25 25.00 0.520 ± 0.011 0.117 ± 0.007 0.306 ± 0.006 0.752 ± 0.004 0.163 ± 0.007 0.730 ± 0.011
DA 25 50.00 0.543 ± 0.035 0.103 ± 0.017 0.271 ± 0.055 0.761 ± 0.014 0.160 ± 0.011 0.743 ± 0.024
DA 25 75.00 0.540 ± 0.030 0.100 ± 0.011 0.286 ± 0.012 0.760 ± 0.012 0.157 ± 0.007 0.733 ± 0.024

Table 3: Hyperparameter sweep results for the dependency-aware loss using three-fold cross-validation. The
selected combination, αneg = 25 and λreg = 10, is highlighted in bold.

G.2. Precision and recall

For a single label, let TP be true positives, FP false
positives, and FN false negatives (Pedregosa et al.,
2011). Precision and recall are defined as

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
.

Precision is the fraction of predicted positives that are
correct and decreases with additional false positives.
Recall is the fraction of actual positives that are de-
tected and decreases with additional false negatives.
In our reports, we threshold probabilities at a fixed
decision threshold τ selected on the validation split
(Section 4.2) and micro-average counts by pooling TP,
FP, and FN over all (b, ℓ, v) ∈ S.

G.3. Fβ score

To combine precision and recall into a single mea-
sure (Pedregosa et al., 2011), we use the Fβ score:

Fβ = (1 + β2)
Precision× Recall

β2 Precision + Recall
.

Here β > 1 places more weight on recall, while β < 1
places more weight on precision; F1 (β = 1) balances
both equally, and F2 (β = 2) emphasizes recall twice
as much as precision. As with precision/recall, we
report micro-averaged Fβ over S.

G.4. Balanced accuracy

Balanced accuracy is defined as

Specificity =
TN

TN+ FP
,

Balanced accuracy =
1

2

(
Recall + Specificity

)
,

where TN denotes true negatives (Brodersen et al.,
2010). By averaging the true positive rate (recall)
and true negative rate (specificity), balanced accuracy
gives equal importance to both classes and avoids
inflated scores when one class is much larger. In multi-
label evaluation, we treat each (b, ℓ, v) ∈ S as a binary
decision and micro-average TN and FP together with
TP and FN.

G.5. Average precision (precision–recall AUC)

Average precision (AP) summarizes the precision–
recall curve as

AP =

N∑
n=1

(
Rn −Rn−1

)
Pn, R0 = 0,

where Pn and Rn are precision and recall at threshold
n (Saito and Rehmsmeier, 2015). AP is the area under
the precision–recall curve and provides a threshold-
independent measure of performance on imbalanced
data. In the multi-label setting we compute micro-
AP by pooling scores and labels over all (b, ℓ, v) ∈ S
(macro-AP can be obtained by computing per-code
AP and averaging across codes).

Together, these metrics provide complementary views
of model performance in imbalanced, multi-label set-
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tings. Precision and recall expose the trade-off be-
tween false positives and false negatives. Fβ condenses
that trade-off according to the chosen emphasis. Bal-
anced accuracy ensures that both positive and nega-
tive classes influence the score equally, and average
precision captures overall ranking quality without com-
mitting to a single threshold.

G.6. Permutation test for statistical
significance

We compare two models’ performance using a paired
permutation test over 3-fold cross-validation repeated
with 3 random seeds, yielding N = 9 matched score
pairs {(s1,k, s2,k)}9k=1. Let

∆obs =
1

N

N∑
k=1

(
s1,k − s2,k

)

be the observed mean difference. Under the null
hypothesis that the two models perform equally, each
paired difference can be sign-flipped (equivalently, the
two scores in a pair can be swapped) without changing
its distribution. We draw M = 10,000 random sign-
flip patterns, compute

∆i =
1

N

N∑
k=1

(
s
(i)
1,k − s

(i)
2,k

)
,

and estimate the two-sided p-value as

p =
1 +

∑M
i=1 1

(
|∆i| ≥ |∆obs|

)
M + 1

.

Choosing M = 10,000 gives a Monte Carlo standard
error of order

√
p(1− p)/(M + 1) ≲ 0.005, ensuring

stable p-value estimates at minimal cost. This non-
parametric procedure makes no distributional assump-
tions and tests whether the observed difference could
arise by chance (Noguchi et al., 2021; DiCiccio and
Efron, 1996).

Appendix H. Masking Probability
Ablation

Figure 6: Pairwise Differences in Balanced Accuracy
among Different Masking Probabilities

In light of ongoing interest in optimising masked ob-
jectives, we evaluate the sensitivity of our visit-level
masking strategy to the masking rate. The conven-
tional 15% masking rate in token-level MLM (Devlin
et al., 2019) is often adopted by default. Inspired
by systematic studies of masking rates (Wettig et al.,
2022), we test whether alternative masking rates im-
prove performance in our setting.

Visit-level masking probability. In our frame-
work, the masking probability refers to the proba-
bility pvisit of selecting a visit as a training target
(Section 3.3), not the probability of masking individ-
ual tokens. A visit is eligible if it contains at least
one ICD–10 code that has not appeared earlier in the
patient’s history. If a trajectory contains no eligible
visit, no MLM masking is applied in that iteration
(so it contributes no MLM loss). For each selected
visit, we corrupt its active codes using a BERT-style
scheme. 80% are replaced by [MASK], 10% by random
codes, and 10% remain unchanged.

Ablation protocol. We vary the visit mask-
ing probability across five levels: pvisit ∈
{0.15, 0.30, 0.40, 0.60, 0.80}. All experiments use the
same model architecture, optimiser settings, and data
splits. Only pvisit changes. The 15% row in Table 4 is
an independent rerun under the same nominal hyper-
parameter setting, not a reuse of the final checkpoint
reported in the main results. Evaluation is performed
via three-fold cross-validation with three random seeds
per fold. Results are summarised in Table 4 and vi-
sualised in Figure 6. Across the five masking rates,
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Metric 15% masking 30% masking 40% masking 60% masking 80% masking

Balanced Acc. (Pres./Abs.) 0.756 (0.742–0.770) 0.753 (0.743–0.763) 0.749 (0.737–0.761) 0.750 (0.736–0.764) 0.752 (0.741–0.763)
Balanced Acc. (new-code detection) 0.739 (0.724–0.753) 0.734 (0.725–0.744) 0.729 (0.716–0.742) 0.729 (0.714–0.744) 0.731 (0.717–0.745)
PRC–AUC 0.143 (0.131–0.155) 0.143 (0.129–0.158) 0.143 (0.128–0.158) 0.139 (0.124–0.154) 0.141 (0.126–0.156)
Fβ=2 0.283 (0.266–0.300) 0.289 (0.276–0.302) 0.283 (0.269–0.297) 0.283 (0.267–0.300) 0.285 (0.271–0.299)
Recall 0.533 (0.504–0.563) 0.527 (0.507–0.547) 0.518 (0.492–0.543) 0.521 (0.492–0.550) 0.526 (0.502–0.549)
Precision 0.099 (0.090–0.108) 0.102 (0.096–0.109) 0.100 (0.092–0.108) 0.099 (0.091–0.107) 0.100 (0.092–0.108)

Table 4: Masking probability ablation results with 95% confidence intervals. Results are from three-fold
cross-validation with three seeds under αneg = 25 and λreg = 10.

downstream metrics differ by less than one percent-
age point, with overlapping 95% confidence intervals
and no pairwise comparison reaching statistical signif-
icance (p > 0.05).

Compute cost. Training time increases substan-
tially at higher masking rates: relative to the 15%
baseline (6 min 09 s), the 30% and 40% settings require
approximately 9% (6min 41 s) and 8% (6min 37 s)
more compute, while 60% and 80% masking incur
roughly 41% (8min 40 s) and 37% (8min 24 s) longer
runtimes. Since higher masking rates yield no mea-
surable performance gains but increase training cost,
we retain pvisit = 0.15 for all main experiments.

Appendix I. Dependency-Aware Loss

Our training objective operates on masked target
visits (Section 3.3). For each mini-batch, let T denote
the set of masked target visits (b, ℓ) for which we
predict the code vector. For each target (b, ℓ) ∈ T
and code v ∈ {1, . . . , V }, the model outputs logits
ŷb,ℓ,v ∈ R and probabilities p̂b,ℓ,v = σ(ŷb,ℓ,v) with
targets yb,ℓ,v ∈ {0, 1} on valid (non-padding) entries.
We write Vb,ℓ = {v : yb,ℓ,v ∈ {0, 1}} for the valid
codes in that target visit and |Vb,ℓ| for its size, and
define the valid entry set

S = {(b, ℓ, v) : (b, ℓ) ∈ T , v ∈ Vb,ℓ}.

Imbalance-aware correctness. We use a bounded,
differentiable per-code correctness score

cb,ℓ,v = 1−
∣∣p̂b,ℓ,v −yb,ℓ,v

∣∣ = {
p̂b,ℓ,v, yb,ℓ,v = 1,

1− p̂b,ℓ,v, yb,ℓ,v = 0 ,

and re-scale it on each mini-batch to counter extreme
sparsity. Let

P =
∑

(b,ℓ,v)∈S

yb,ℓ,v, N =
∑

(b,ℓ,v)∈S

(
1− yb,ℓ,v

)
,

where S denotes valid target entries in the batch. We
define

wpos =
N

P + ϵ
, wneg = αneg

P

N + ϵ
,

where ϵ > 0 ensures numerical stability and αneg > 0
tunes the relative weight on negatives (trading preci-
sion vs. recall). The class-weighted correctness is

c̃b,ℓ,v =

{
wpos c

b,ℓ,v, yb,ℓ,v = 1,

wneg c
b,ℓ,v, yb,ℓ,v = 0 .

Rank-weighted (listwise) aggregation. Within
a target visit (b, ℓ), we sort the valid values
{c̃b,ℓ,v}v∈Vb,ℓ in descending order c̃b,ℓ(1) ≥ · · · ≥ c̃b,ℓ

(|Vb,ℓ|)
and compute an ordered weighted average that em-
phasises the lowest class-weighted correctness entries:

Cb,ℓ =

|Vb,ℓ|∑
i=1

2i

|Vb,ℓ|
(
|Vb,ℓ|+ 1

) c̃b,ℓ(i).

This listwise weighting counters gradient dilution by
assigning the largest coefficients to the smallest class-
weighted correctness entries.

Label-space interaction. Element-wise losses op-
timise each label independently. To regularise predic-
tions toward coherent comorbidity structure, we add
a learned quadratic interaction on the unsorted vector
c̃ b,ℓ = (c̃b,ℓ,v)Vv=1. For indices v /∈ Vb,ℓ (padding/ig-
nored labels), we set c̃b,ℓ,v = 0, so c̃ b,ℓ ∈ RV is well-
defined and the quadratic form effectively restricts to
valid labels:

rawb,ℓ =
1

|Vb,ℓ|
(c̃ b,ℓ)⊤Wc̃ b,ℓ,

sb,ℓ = σ
(
rawb,ℓ

)
,

Ib,ℓ = 1− sb,ℓ.
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The TopK attention layer models interactions in repre-
sentation space. It produces a permutation-invariant
summary of within-visit code embeddings and helps
the encoder form clinically meaningful latent states.
In contrast, standard multi-label objectives (BCE, fo-
cal, class-balanced) remain element-wise in the output
space and do not provide explicit gradient coupling
between labels. The interaction term (c̃ b,ℓ)⊤Wc̃ b,ℓ

thus plays a complementary role. It regularises the
predicted label distribution toward population-level
comorbidity structure, discouraging isolated, weakly
supported positive predictions that drive precision
collapse under extreme imbalance, while yielding an
inspectable matrix W for global auditing. We param-
eterise W via a free matrix and enforce symmetry
and a zero diagonal at each forward pass, ensuring
W = W⊤ and diag(W) = 0 throughout training; W
is regularised via decoupled weight decay (AdamW).

Final objective. For each masked target visit
(b, ℓ) ∈ T , the dependency-aware loss is

Lb,ℓ = 1− Cb,ℓ + λreg Ib,ℓ. (8)

The mini-batch loss is computed only when |T | > 0.
Mini-batches with no selected target visits are skipped.
Since eligible target visits contain at least one positive
code by construction, selected target batches satisfy
P > 0. The mini-batch objective is then

Lbatch =
1

|T |
∑

(b,ℓ)∈T

Lb,ℓ.

Appendix J. Baseline Losses:
Mathematical and
Implementation Details

This appendix gives the exact baseline objectives used
in Section 3.5. All baselines are trained on the same
valid supervised entries and differ only in how they
weight or modulate the binary classification loss.

Notation and masking. For a mini-batch, let s =
(b, ℓ, v) index one supervised entry, corresponding to
patient b, target visit ℓ, and ICD-10 code v. We write
zs for the model logit, ys ∈ {0, 1} for the binary label,
and v(s) for the code associated with entry s. Padded
labels and ignored targets are excluded from all weight
estimation and loss averaging. The valid supervised
set is

S = {s : ys ∈ {0, 1}}.

All losses below are averaged over S. For each code
v, let Sv denote the valid entries associated with that
code:

Sv = {s ∈ S : v(s) = v}.

We then define

nv =
∑
s∈Sv

ys, mv = |Sv|.

Here nv is the mini-batch positive count for code
v, and mv − nv is the corresponding negative count.
When nv = 0, we use max(nv, 1) in denominators
to avoid division by zero. This is only a numerical
safeguard, since the positive-weighted term is inactive
when no positive examples of code v appear in the
mini-batch.

We use the numerically stable binary cross-entropy
with logits,

ℓBCE(z, y) = (1− y) softplus(z) + y softplus(−z),

where softplus(t) = log(1 + exp(t)).

Weighted binary cross-entropy. Weighted BCE
upweights positive examples for codes with low posi-
tive support. For each code v, we compute the mini-
batch positive weight as the negative-to-positive ratio,

wv =
mv − nv

max(nv, 1)
.

The weighted BCE objective is

LwBCE =
1

|S|
∑
s∈S

ℓwBCE(zs, ys),

where

ℓwBCE(zs, ys) = (1−ys) softplus(zs)+yswv(s) softplus(−zs).

Thus, only the positive term is reweighted, matching
the usual positive-weight convention for binary cross-
entropy with logits.

Class-balanced loss. We use a mini-batch version
of class-balanced weighting based on the effective
number of positive examples (Cui et al., 2019). Let
β ∈ [0, 1) control the strength of the effective-number
correction. For each code v, the raw code-level weight
is

αraw
v =

1− β

1− βmax(nv,1)
.
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We normalise these weights so that their average across
codes is one:

Z =
1

V

V∑
j=1

αraw
j , αv =

αraw
v

Z
.

In our implementation, αv is applied to all valid entries
associated with code v, including both positive and
negative labels. The class-balanced BCE objective is

LCB =
1

|S|
∑
s∈S

αv(s)ℓBCE(zs, ys).

The normalisation by Z helps keep the overall loss
scale comparable across mini-batches with different
label compositions.

Focal loss. Focal loss downweights easy examples
and emphasises entries that are currently misclassified
or uncertain (Lin et al., 2017). Let

p̂s = σ(zs), pt,s = ysp̂s + (1− ys)(1− p̂s),

where pt,s is the probability assigned to the true class.
The focal modulation term is (1−pt,s)

γ , with focusing
parameter γ ≥ 0.

As a bounded code-specific class weight, we map the
class-balanced weight to (0, 1):

α̃v =
αv

1 + αv
.

The entry-specific focal weight is

αt,s = α̃v(s)ys +
(
1− α̃v(s)

)
(1− ys).

The focal objective is

LF = − 1

|S|
∑
s∈S

αt,s(1− pt,s)
γ log(pt,s + ϵ),

where ϵ > 0 is a small numerical-stability constant.

Implementation summary. All three baselines
use the same valid-entry mask S. Padded labels and
ignored targets are removed before computing mini-
batch counts, weights, and losses. The weights are
estimated from the current mini-batch rather than
from global corpus frequencies, matching the train-
ing protocol used for the dependency-aware objective.
The final loss is always averaged over valid supervised
entries only.

Appendix K. Ablation of
Dependency-Aware Loss
Components

To quantify the individual impact of the two terms,
interaction penalty and rank–based correctness weight-
ing, on overall model performance, we conducted an
ablation study in which each component was deac-
tivated in isolation (Table 5). All other elements of
the training pipeline were held constant to serve as a
baseline. In one variant, the interaction penalty was
removed, while the rank–based weighting remained
active. In the other, the rank–based aggregation was
replaced by unweighted correctness scores, with the
interaction term preserved.

Figure 7: Pairwise Differences in Balanced Accu-
racy for the Ablation Study of Components in the
Dependency-Aware Loss Function

Appendix L. TCN Backbone
Compatibility Check

Figure 8: Balanced Accuracy (95% CI) of a TCN
under Four Loss Functions.

To test whether the dependency-aware loss is tied only
to the Transformer backbone, we integrated it into
a Temporal Convolutional Network (TCN). Unlike
the Transformer, which uses global self-attention, the
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Table 5: Summary of Evaluation Metrics for Dependency Aware Loss Variants (95% CI)

Metric Dependency-Aware No rank No interaction

Balanced Accuracy (present vs absent) 0.754 (0.747–0.762) 0.632 (0.614–0.650) 0.750 (0.740–0.759)
Balanced Accuracy (new-code detection) 0.738 (0.729–0.746) 0.623 (0.605–0.642) 0.736 (0.725–0.746)
Recall (Class 1) 0.526 (0.511–0.540) 0.514 (0.474–0.555) 0.516 (0.498–0.533)
Precision 0.119 (0.108–0.130) 0.010 (0.009–0.010) 0.126 (0.116–0.135)
Fβ=2 0.311 (0.293–0.330) 0.046 (0.046–0.047) 0.318 (0.301–0.335)
PRC-AUC 0.163 (0.149–0.177) 0.067 (0.052–0.081) 0.162 (0.149–0.175)
Accuracy 0.981 (0.980–0.982) 0.751 (0.745–0.757) 0.982 (0.982–0.983)

TCN relies on stacked causal convolutions and local
receptive fields to model temporal dynamics. This
experiment is intended as a secondary architectural
compatibility check.

We replicated the training protocol and reused the
same loss hyperparameter settings as in the Trans-
former experiments. The TCN was evaluated on the
held-out test split using balanced accuracy (at the
fixed decision rule used throughout the paper) and
area under the precision–recall curve (PRC AUC). The
TCN trained with the dependency-aware loss achieved
a balanced accuracy of 0.776 (95% CI: 0.755–0.794)
and a PRC AUC of 0.11. In comparison, binary cross-
entropy (BCE) yielded 0.650 (95% CI: 0.645–0.655)
and 0.19; focal loss yielded 0.722 (95% CI: 0.720–0.724)
and 0.04; and class-balanced loss yielded 0.673 (95%
CI: 0.671–0.675) and 0.05.

These results highlight a trade-off between global rank-
ing quality and thresholded discrimination under ex-
treme imbalance. BCE attains the highest PRC AUC
(0.19), consistent with strong overall ranking, but
yields substantially lower balanced accuracy at the
operating point used for evaluation (0.650). Con-
versely, focal and class-balanced objectives improve
balanced accuracy relative to BCE, but their PRC
AUC collapses to 0.04–0.05, indicating degraded rank-
ing structure. The dependency-aware loss achieves
the highest balanced accuracy (0.776) while maintain-
ing a markedly higher PRC AUC (0.11) than other
tail-sensitive losses, demonstrating that it improves
decision-boundary behaviour without the severe loss
of ranking quality observed in focal and class-balanced
objectives.

Figure 9: Recall Stratified by Time since a Code was
First Recorded in the Patient History (“code age”).

Appendix M. Impact of Diagnosis
Chronicity on Recall

To probe how recall varies between newly recorded
codes and established chronic conditions, we analyze
recall as a function of code age (the time elapsed since
a specific ICD-10 code was first recorded for a patient).
We stratify positive test labels into four bands based
on their first-recorded date: incident/very recent (0–2
days), recent (3–59 days), established (60–729 days),
and long-term (≥ 730 days). To ensure a fair com-
parison across bands, we fix a single global decision
threshold tuned on the validation set to enforce high
specificity (minimizing false positives among absent
codes) and apply it uniformly across all strata.

Figure 9 shows a monotonic trend. Recall is approx-
imately 49% for incident/very recent codes and in-
creases with code age, peaking at ≈ 61% for codes
present for at least two years. This pattern is consis-
tent with the intuition that long-standing conditions
are more predictable from prior history, while newly
recorded codes are harder and must be inferred from
comorbidity context and longitudinal signals.
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Appendix N. Auditing the Learned
Label-Space
Dependencies

Table 6: Examples of high-weight positive learned
dependencies from the 3.2M-patient checkpoint.

Code pair Interpretation Weight

E11.9–I10 Type 2 diabetes–hypertension 0.0838
F32.9–F41.9 Depression–anxiety 0.0828
J44.0–J44.9 COPD subcodes 0.0698
D50.9–D64.9 Anaemia codes 0.0678
I20.9–I25.1 Ischaemic heart disease 0.0674
H25.1–H26.9 Cataract codes 0.0615
I48–I48.9 Atrial fibrillation codes 0.0584
E10.9–H36.0 Diabetes–diabetic retinopathy 0.0415

Note. Weights are entries of the learned output-space matrix
W from the same checkpoint used in Figure 10. They
indicate predictive compatibility under the training objective.
They are not causal effects and should not be interpreted as
direct empirical co-occurrence frequencies.

Additional observations from the clustered de-
pendency map. Beyond the disease communities
discussed in the main text, the clustered heatmap
reveals several useful audit signals (Figrue 10). First,
some local blocks follow ICD coding structure, with
closely related subcodes clustering together, suggest-
ing that W captures both clinical co-occurrence and
coding-level redundancy. Second, several malignancy-
related codes form broader positive regions, consis-
tent with shared documentation patterns and multi-
morbidity around cancer diagnoses. Third, the pro-
nounced horizontal and vertical bands indicate hub-
like diagnoses, especially hypertension (I10), whose
broad connectivity matches its high prevalence and
widespread co-occurrence in the raw EHR data. Fi-
nally, the presence of weaker blue regions shows that
the interaction term does not only encourage co-
prediction. It can also downweight label pairs that are
less compatible under the observed data distribution.
These patterns make the learned dependency matrix
useful as an audit object, because it exposes both
expected clinical structure and possible coding-driven
associations.
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Figure 10: Clustered heatmap of the learned output-space dependency matrix W from the final 3.2M-patient
checkpoint.

Note. Rows and columns correspond to ICD-10 labels ordered by spectral clustering, with grid lines
marking the resulting communities. Colours show winsorised dependency weights: positive values indicate
label pairs whose co-prediction is encouraged by the dependency objective, whereas negative values
indicate discouraged co-prediction. The visible block structure suggests that W captures coherent
diagnosis communities rather than isolated pairwise noise.
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