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Abstract

Retrospective studies using electronic health
records (EHRs) often require diagnosis labels
that reflect whether treating physicians consid-
ered a disease to be present. Such physician-
determined diagnosis (PDD) labels are expen-
sive to obtain through expert review, while
available alternatives provide only noisy prox-
ies. We exploit two complementary proxy la-
bels: administrative diagnostic codes and free-
text disease listings in discharge summaries.
We introduce a dual-noisy-label learning frame-
work that models PDD as a latent variable and
treats these proxies as noisy observations of it,
allowing a pretrained language model to learn
from their agreement and disagreement without
expert-labeled training data. We evaluate the
approach on extracting Acute Kidney Injury
(AKI) PDD from MIMIC-IV discharge sum-
maries. Based on an expert-adjudicated eval-
uation set of 150 summaries, our PLM-PDD
model achieves 94.6% population-weighted ac-
curacy, compared with 89.4% for the same
model trained using administrative coding, and
85.9% and 78.0% for AKI proxies. Largest
gains occur in the gray-zone, where the prox-
ies disagree. Ablation experiments show that
gray-zone examples and auxiliary ICD su-
pervision contribute to performance, while
expert-highlighted evidence receives substan-
tially higher model attention than matched ran-
dom text. These results demonstrate that com-
plementary noisy EHR labels can be used to
learn clinically meaningful diagnosis labels
without requiring expert annotation.

1 Introduction

Electronic health record (EHR) databases such
as MIMIC-IV have become important resources
for retrospective clinical research (Finnegan and
Mountford, 2025; Johnson et al., 2023). Re-
searchers use this data to study disease incidence
and treatment patterns (Agniel et al., 2018; Sauer
et al., 2022; Khaled et al., 2025; Fan et al., 2025;

Mitchell et al., 2025), as well as to develop models
that predict disease onset, progression, and patient
outcomes across large populations (Miotto et al.,
2016; Yang et al., 2022; Alhumaidi et al., 2025).
Many such studies require a reliable binary diag-
nosis label for each hospital admission. However,
different labels available in EHR data capture dif-
ferent notions of diagnosis: a patient may satisfy a
formula-based clinical definition, receive an admin-
istrative code, or be considered to have the disease
by the treating physicians, and these labels need
not agree. In this work, we focus specifically on
whether the treating physicians considered a target
disease to be present, as reflected in the clinical
narrative. We refer to this target as the physician-
determined diagnosis (PDD).

Obtaining PDD labels at scale is difficult.
Disease-specific clinical criteria can provide use-
ful phenotypes for some conditions (Strauss et al.,
2024), but such criteria do not necessarily capture
the treating physician’s diagnostic judgment and
are not uniformly available across diseases. Alter-
natively, researchers can review the medical record
and adjudicate whether the treating team consid-
ered a disease to be present. Such expert review
provides a direct way to establish PDD labels, but
it is time-consuming and expensive and therefore
cannot readily be applied to hundreds of thousands
of clinical notes. Moreover, the relevant diagnos-
tic judgment is not always stated explicitly in a
single location: it may need to be inferred from de-
scriptions of symptoms, laboratory findings, assess-
ments, treatments, and the patient’s clinical course
throughout the discharge summary. Thus, training
a supervised NLP model for PDD extraction would
itself require a large expert-labeled dataset, recreat-
ing the labeling problem that the model is intended
to solve.

EHR data do, however, contain routinely avail-
able diagnosis signals that can serve as weak su-
pervision. The first is the ICD-coded diagnosis.
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ICD codes are assigned by medical coders for ad-
ministrative and billing purposes and are widely
available at scale (Pendergrass and Crawford, 2019;
Quan et al., 2005; Yonamine et al., 2024; Wei
and Denny, 2015). They provide broad diagnostic
coverage but are an imperfect proxy for the treat-
ing physicians’ diagnostic judgment; administra-
tive coding practices can result in diagnoses being
coded even when they do not correspond to the
PDD (O’malley et al., 2005; Costich et al., 2022;
Joos et al., 2019; Joiner et al., 2024). A second
signal comes from the Discharge Diagnosis sec-
tion of the discharge summary, a physician-written
free-text list of primary and secondary diagnoses
recorded at discharge. An explicit mention of a
disease in this section provides strong evidence
that the treating physicians considered the disease
present, but secondary or less clinically salient di-
agnoses may be omitted (Greer et al., 2016). Thus,
the two signals provide complementary but noisy
views of PDD: ICD coding offers broader cover-
age, whereas the Discharge Diagnosis label is more
selective.

We propose a weakly supervised approach that
learns from these complementary diagnosis proxies
without treating either one as ground truth. We call
admissions in which the ICD and Discharge Diag-
nosis labels disagree the gray zone. Our approach
models PDD as a latent variable and treats the two
proxy labels as noisy observations generated from
it. A pretrained language model predicts PDD di-
rectly from the clinical narrative, while the latent-
variable model explicitly accounts for the different
error patterns of the two observed proxies. When
the proxies agree, they provide relatively strong
weak supervision; when they disagree, the model
learns how each proxy relates to the latent PDD
rather than simply following either label. This dual-
noisy-label framework therefore enables training
on routinely available EHR labels without requir-
ing expert-adjudicated PDD labels for supervision.
Figure 1 provides an overview of the relationship
between the two diagnosis proxies.

We evaluated the approach using Acute Kidney
Injury (AKI), a common and critical condition char-
acterized by a sudden decrease in kidney function
(Ostermann, 2014; Chanda et al., 2026) as a case
study in MIMIC-IV. To obtain an independent eval-
uation standard, three nephrologists and one emer-
gency medicine physician adjudicated PDD for 150
held-out admissions after the Discharge Diagnosis
section had been removed from the notes. We then

compared the PLM-PDD language model with sev-
eral baselines, including the two proxy labels and
a formula-based definition of AKI (Khwaja, 2012),
using the expert-adjudicated PDD labels as the eval-
uation standard. Evaluation also included ablation
and attention analyses.

2 Related Work

In the literature, there are several ways researchers
attempt to automatically obtain diagnosis labels
from EHR data. A large line of work focuses on
predicting proxy signals such as ICD codes di-
rectly from clinical text (Dong et al., 2022). In
these approaches, models take clinical notes as
input and are trained to predict the ICD codes.
Researchers have explored different deep learn-
ing encoders to learn representations of discharge
summaries including Recurrent neural networks
(RNNs) (Vu et al., 2020), Convolutional neural net-
works (CNNs) (Mullenbach et al., 2018; Liu et al.,
2021), and pretrained transformer-based encoders
(Aden et al., 2024; Nguyen et al., 2023; Huang
et al., 2022; Douglas et al., 2025). While these
methods have achieved strong performance in pre-
dicting administrative codes, they ultimately learn
to reproduce the proxy labels themselves rather
than the physician-determined diagnosis targeted
in our work. Nevertheless, ICD codes are often
used as diagnosis labels in downstream EHR re-
search.

Another line of work identifies disease phe-
notypes using rule-based algorithms. These ap-
proaches use complex rule sets involving diagnosis
codes, medications, and laboratory values to iden-
tify patients with specific diseases (McCarty et al.,
2011). However, such rule-based approaches re-
quire substantial domain expertise and are difficult
to scale across diseases (Yu et al., 2018).

More recent work has explored weakly super-
vised phenotyping methods that attempt to infer
whether a patient has a particular disease using di-
agnostic proxies (Yu et al., 2018; Liao et al., 2019;
Ferté et al., 2021). Given EHR notes, these ap-
proaches typically treat signals such as ICD codes
and mentions of the target disease in clinical notes
as proxy labels. In addition, they construct disease-
specific features by identifying medically related
concepts for each disease. Using these proxy sig-
nals and concept-based features, they train regres-
sion models that predict each proxy from the re-
maining signals. The resulting models are then
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combined, often through majority voting, to es-
timate whether the patient has the target disease
phenotype.

In contrast, our method does not require manu-
ally constructing disease-specific features or iden-
tifying clinical concepts to use as model inputs.
Instead, we leverage pretrained transformer models
originally developed for ICD code prediction to
learn representations directly from the narratives
in discharge summaries. Rather than treating each
proxy independently, we model the different error
patterns of the two proxy labels through a latent-
variable framework in which they are noisy obser-
vations of the physician-determined diagnosis.

3 Methodology

3.1 Problem Formulation

Let .S; denote a discharge summary associated with
a hospital admission, which is a document written
at the end of a hospital admission summarizing the
patient’s clinical course, diagnoses, and treatments.
Our objective is to determine whether the treat-
ing physicians considered disease D to be present,
as reflected in the summary, which we call the
physician-determined diagnosis (PDD). However,
the ground truth for PDD is not readily available.
Instead, each admission has two proxy diagnosis la-
bels: DD, indicating whether disease D appears
in the ICD coding for the admission, and D?D, in-
dicating whether disease D is explicitly stated in
the Discharge Diagnosis section of the discharge
summary, which is typically a free-text list of pri-
mary and secondary diagnoses written at discharge
time. Given a dataset of discharge summaries

D = {(S;, DIP, DPPIN | (1)

our goal is to learn a model fy(.S;) that predicts
DPPP directly from S;. For all model training and
evaluation, the Discharge Diagnosis section is re-
moved from S; and is used only to construct DPP.

3.2 Diagnosis Proxies and Gray-Zone

ICD-Coded Diagnosis (D'P). ICD codes are
standardized diagnostic codes assigned by trained
medical coders after discharge based on the pa-
tient’s record for the admission. For a given disease
D, we assign D'CP = 1 if the admission contains
any ICD code corresponding to disease D), and
D'CP = ( otherwise. For example, for Acute Kid-
ney Injury, the corresponding ICD-9 codes are 584,
584.5,584.6, 584.7, 584.8, and 584.9. ICD coding

All ad

ICD-coded diagnosis
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Discharge diagnosis
)\ D

rare gray-zone case
ICD=0,DD=1

gray-zone disease present
ICD =1, DD =0\1cp=1,DD=1

proxy agreement: disease absent
ICD=0,DD=0

Figure 1: Conceptual relationship between ICD-coded
and discharge diagnoses. The gray regions denote ad-
missions in which the two diagnosis proxies disagree.
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Figure 2: Illustration of discharge summaries outside
(left) and within (right) the gray-zone.

Assigned ICD codes

Gray Zone

provides broad coverage of diagnoses documented
in the medical record, but because these codes are
assigned for administrative and billing purposes,
they are often more lenient than the physician-
determined diagnoses.

Discharge-Diagnosis Label (DP). Because the
Discharge Diagnosis section is written as free text,
disease names may appear in multiple surface
forms. To identify whether disease D was explic-
itly documented in DD section, we match terms
corresponding to disease D and its common syn-
onyms or abbreviations. If a match is found, we
assign DPP = 1; otherwise DPP = 0. An ex-
plicit mention provides strong evidence that the
treating physicians considered the disease present.
However, physicians often omit secondary or less
clinically salient diagnoses from the Discharge Di-
agnosis section. Therefore, DPP = 0 does not
necessarily indicate that the physicians considered
the disease absent.
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Figure 3: Latent-variable model for physician-
determined diagnosis with dual noisy labels.

Complementary Noisy Labels and the Gray-
Zone. The two proxy labels therefore have com-
plementary error patterns. The ICD label provides
broader diagnostic coverage but may contain false
positives relative to PDD, whereas the discharge-
diagnosis label is more selective but may contain
false negatives due to omitted diagnoses. We there-
fore do not treat either proxy as ground truth.
When the two proxies agree, they provide
stronger evidence about the physician-determined
diagnosis than either proxy alone. We refer to ad-
missions for which the two proxy labels disagree,

D # DPP, )

as the gray-zone, as illustrated in Figures 1 and 2.
These cases are ambiguous from the perspective of
weak supervision because the two available proxy
labels provide conflicting signals. Our objective is
to learn from both the agreement and disagreement
between these complementary proxies rather than
choosing either one as the target label.

3.3 Dual Noisy Label Learning

Neither D'®P nor DPP provides ground-truth
supervision for PDD. Instead, we model the
physician-determined diagnosis DEDD € {0,1}
as a latent variable and treat the two proxy labels as
noisy observations of it, as illustrated in Figure 3.

Given discharge summary 5;, the model param-
eterized by 6 estimates

=Py(Di°® =118y, 3)

the probability that the treating physicians consid-
ered disease D to be present.

We assume that the two proxy labels are gener-
ated from the latent PDD through separate noisy
observation processes and are conditionally inde-
pendent given DFPP:

DIP | DPPD — - « Bernoulli(a.), (4)
DPP | DFPP — »  Bernoulli(8,),  (5)

where
a; = P(D'*P=1| DPPP =1), (6)
ag = P(D'P=1| DPPP =), (7)
81 = P(DPP=1| D"PP =1), ®)
Bo = P(DPP=1| D"PP =0). ©)

The complementary error patterns described in Sec-
tion 3.2 motivate asymmetric constraints on these
observation processes. We assume that ICD coding
has almost perfect coverage when the physician-
determined diagnosis is positive, corresponding
to o close to 1. Conversely, an explicit disease
mention in the Discharge Diagnosis section is very
unlikely when the physician-determined diagnosis
is negative, corresponding to 5y close to 0. We
therefore fix a; = 1 and Sy = 0 and learn «
and f3; during training. The learned parameter o
captures the tendency of ICD coding to produce
positive labels when PDD is negative, while 31 cap-
tures how often a positive PDD is explicitly listed
in the Discharge Diagnosis section.

Because DIPP is unobserved, we obtain the
likelihood of the two observed proxy labels by
marginalizing over it:

P(D°, DPP|S;) = ) Py(DfPP=z]S))

z€{0,1}

-P(D{"|2) P(DPP]z).
(10)

Training minimizes the negative log-likelihood of

the observed proxy labels:

['PDD = — Zlog P(D%CD,D?D | Sl)

i

(11)

Interpretation. The resulting objective has a sim-
ple interpretation in terms of the gray-zone. When
the two proxies agree, the observation model pro-
vides strong evidence in favor of the corresponding
PDD label. When they disagree, the model does
not automatically follow either proxy. Instead, it
weighs alternative explanations for the disagree-
ment according to the learned noise parameters and
the evidence in the discharge summary.
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For example, when DD — 1 put DPP = 0,
the disagreement may arise because ICD coding
assigns a positive label despite a negative PDD, as
captured by ag, or because a positive PDD was
omitted from the Discharge Diagnosis section, as
captured by 1 — ;. Thus, the framework pro-
vides high-confidence supervision where the prox-
ies agree while explicitly modeling uncertainty
where they disagree.

3.4 Deep learning model for extraction of
physician-determined diagnosis

Our goal is to train a neural network that extracts
physician-determined diagnosis for a target disease
D without the need to create expert-labeled train-
ing data. Recent advances in deep learning, partic-
ularly with language models, have demonstrated
strong capabilities in extracting diagnostic infor-
mation from clinical text such as predicting ICD
codes (Douglas et al., 2025; Masud et al., 2023;
Huang et al., 2022). PLM (Pretrained Language
Model) (Huang et al., 2022) is a transformer-based
architecture developed for ICD code prediction that
processes long documents by segmenting them. It
is a relatively small transformer-based model that
is capable of handling arbitrary document length.
Given that ICD code prediction is closely related
to our objective, we use PLM as the architecture of
our neural network. We describe the PLM model
in more detail in Appendix A.

Although we use PLM in our methodology, our
training framework is model-agnostic and can be
applied to any encoder-based architecture capable
of processing clinical narratives. In our framework,
PLM is used to parameterize Pp(DPP =1 | ;).

Prior work on ICD code prediction (Huang
et al.,, 2022) shows that training with supple-
mentary labels improves performance. Follow-
ing this approach, we train the model to predict
the top K most frequent ICD codes in the train-
ing dataset as auxiliary tasks and formulate the
task as a multi-label classification problem. Let
Y; = (Yi, .. ., Yix) denote the vector of ICD code
indicators for admission ¢, where each element Y}
indicates the presence of ICD code k. For auxiliary
ICD labels, we use the standard likelihood:

N

P(Y; | 5) =[] P(

k=1

zk|S

The corresponding negative log-likelihood is

Lico = — Y _log P(Y; | Si).

i
The final training objective is
L = Lppp + Licp.-
We refer to the resulting model as PLM-PDD.

4 Dataset and Experimental Setup

4.1 Dataset

In this study, we used MIMIC-1V, the fourth release
of the Medical Information Mart for Intensive Care,
a publicly available and de-identified electronic
health record database from Beth Israel Deaconess
Medical Center covering 2008-2022. MIMIC-1V
includes discharge summaries, diagnostic codes,
and laboratory results, which are the primary data
sources in this study. In total, the dataset includes
546,028 hospital admissions across 223,452 pa-
tients.

4.2 Target Disease

In this study, we evaluated our methodology on
Acute Kidney Injury (AKI) as a representative ex-
ample. AKI is a critical condition characterized
by a sudden decrease in kidney function. We se-
lected AKI as our case study because our research
team has domain expertise in AKI, enabling us to
construct expert-adjudicated PDD labels for evalu-
ation.

4.3 Cohort Selection

We focused our AKI evaluation on Intensive Care
Unit (ICU) admissions because AKI is more preva-
lent and severe among ICU patients, and ICU co-
horts are commonly used in retrospective AKI stud-
ies (Case et al., 2013; Jentzer et al., 2020; Park
et al., 2010; Pickkers et al., 2021).

Applying the clinical inclusion criteria described
in Appendix C to adult ICU admissions with an
available discharge summary yielded an ICU co-
hort of 41,840 admissions. We randomly reserved
20% of these admissions as a held-out ICU test set
(N = 8, 368). The remaining 80% formed the ICU
development set (N = 33,472), which was used
for training and validation.

For expert evaluation, we sampled 150 admis-
sions from the ICU test set to form the adjudicated
test subset. Because disagreement between the two
proxy labels is the primary challenge addressed by
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Total: 8,368

Figure 4: Venn diagram illustrating the relationship
between ICD-coded AKI (ICD) and AKI documented
in the Discharge Diagnosis section (DD) across 8,368
ICU admissions.

our method, we oversampled the gray-zone: 90
admissions were randomly selected from the gray-
zone and 60 from the non-gray zone. Because this
sampling strategy does not reflect the prevalence of
the gray-zone in the full ICU test set, we will use
population-weighted metrics when evaluating on
the adjudicated test subset.

Finally, to increase the amount of data avail-
able for model training, we augmented the ICU
training data with additional non-ICU admissions
that had an available discharge summary, yielding
an expanded training cohort of 331,604 discharge
summaries. Because these additional admissions
differ from the target ICU population, we evaluate
the effect of this augmentation in Appendix D.

4.4 Empirical Agreement Between Weak
Labels

We examined the empirical relationship between
the two diagnosis proxy labels in the ICU test set.
Figure 4 shows the overlap between the ICD-coded
diagnosis label D'“P and the Discharge Diagnosis
label DPP for AKI across the 8,368 admissions. Of
the 2,338 admissions with D'CP = 1, there were
608 with DPP = 1. Conversely, among the 629 ad-
missions with DPP = 1, only 21 did not have a cor-
responding positive ICD label. Thus, disagreement
between the two proxy labels is highly asymmetric:
the dominant gray-zone pattern is D' = 1 and
DPP = 0. This empirical pattern is consistent with
the characterization in Section 3.2 of the Discharge
Diagnosis label as a more selective proxy than ICD
coding.

4.5 Expert Adjudication

Three nephrologists and one emergency medicine
physician independently reviewed the 150 admis-
sions in the adjudicated test subset and assigned a
PDD label for AKI. As with the model input, we re-
moved the Discharge Diagnosis section from each
discharge summary before adjudication. Each ex-
pert was asked to answer the following questions:

1. Based on the note, do you think the note writer
thought the patient had AKI? (Yes / No)

2. Please highlight parts of the note that provide
positive or negative evidence about AKI.

For each admission, we collected the binary la-
bel and highlighted evidence from all four experts.
Inter-rater agreement among the experts is reported
in Appendix D. When all reviewers agreed, we
used the unanimous label as the expert-adjudicated
PDD. Cases with disagreement were discussed in
a consensus meeting to determine the final PDD
label. We refer to the resulting consensus labels
as the expert-adjudicated gold-standard PDD la-
bels. These labels were used only for evaluation
and were not used for model training.

4.6 Baselines

We compare PLM-PDD with the two diagnosis
proxy labels defined in Section 3.2 and two addi-
tional AKI baselines:

ICD proxy (D'P). The ICD-coded diagnosis
label defined in Section 3.2. For AKI, D'P = 1 if
the admission contains an ICD code corresponding
to AKI. The complete list of ICD codes is provided
in Appendix C.

Discharge Diagnosis proxy (DPP). The
explicit-mention label derived from the Discharge
Diagnosis section, as defined in Section 3.2. We
assign DPP = 1 when AKI or one of its matched
synonyms or abbreviations is explicitly listed in
the Discharge Diagnosis section. We further as-
sess the recall of the discharge-diagnosis extraction
procedure in Appendix C.

KDIGO. A creatinine-based implementation of
the Kidney Disease: Improving Global Outcomes
(KDIGO) clinical definition of AKI (Khwaja,
2012). This type of rule-based definition has been
widely used for AKI detection in retrospective stud-
ies. Implementation details, including our defini-
tion of baseline serum creatinine, are provided in
Appendix C.
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PLM-ICD. PLM architecture (Huang et al.,
2022) is trained using D'CP as direct supervision
for the AKI prediction task, replacing the dual-
noisy-label objective used by PLM-PDD. As in
PLM-PDD, the model is trained to predict the
K = 50 most frequent ICD codes as auxiliary
tasks.

5 Results

5.1 Comparison with Expert-Adjudicated
PDD

We first evaluated how well the two diagnosis proxy
labels and the model-based approaches agree with
the expert-adjudicated PDD labels for AKI. We
compared the ICD proxy D'CP, the Discharge Di-
agnosis proxy DPP, KDIGO, PLM-ICD, and PLM-
PDD on the adjudicated test subset.

We divided the adjudicated test subset accord-
ing to the agreement pattern between D'“P and
DPP | as shown in Table 1. The adjudicated sub-
set contains 30 admissions for which both proxies
are negative, 30 for which both proxies are posi-
tive, and 90 from the dominant gray-zone pattern,
D'CP = 1 and DPP = 0. We did not sample from
the rare reverse-disagreement pattern, D'P = 0
and DPP = 1, because it accounts for less than
0.5% of the ICU test set.

When the two proxy labels agree, both prox-
ies also show high agreement with the expert-
adjudicated PDD. Among the 30 admissions for
which both proxies are negative, D'°P and DPP
each agree with the expert-adjudicated label in 27
cases, while PLM-PDD agrees in 29. Among the
30 admissions for which both proxies are positive,
both proxy labels agree with the expert-adjudicated
PDD in 28 cases, while PLM-ICD and PLM-PDD
agree in all 30 cases. These results support our
assumption that agreement between the two proxy
labels provides relatively strong supervision.

Clearer differences emerge in the gray-zone.
Among the 90 admissions with D'P = 1 and
DPP = 0, PLM-PDD agrees with the expert-
adjudicated PDD in 77 cases (86%), compared with
65 cases (72%) for PLM-ICD, 62 cases (69%) for
D'®P 60 cases (67%) for KDIGO, and 28 cases
(31%) for DPP. Thus, PLM-PDD shows substan-
tially higher agreement with expert-adjudicated
PDD than either weak label in the gray-zone.

Because the adjudicated test subset intention-
ally oversamples gray-zone admissions, raw accu-
racy on these 150 cases does not reflect the dis-

Population-weighted accuracy

AKI-ICD

AKI-DD PLM-ICD PLM-PDD KDIGO

Figure 5: Bootstrapped population-weighted accuracy
for different AKI Labels

tribution of the full ICU test set. We therefore
report population-weighted accuracy, calculated by
estimating accuracy within each sampled proxy-
agreement group and weighting it according to that
group’s prevalence in the ICU test set.

Figure 5 reports population-weighted accuracy
using 1,000 bootstrap iterations. In each itera-
tion, we resampled admissions within the adjudi-
cated proxy-agreement groups and recomputed the
population-weighted accuracy. We report the mean
and standard deviation across bootstrap iterations.

PLM-PDD achieves the highest population-
weighted accuracy (94.6%), followed by PLM-ICD
(89.4%), the ICD proxy (85.9%), the Discharge
Diagnosis proxy (78.0%), and KDIGO (75.3%).
PLM-PDD also exhibits the lowest standard devia-
tion across bootstrap iterations.

5.2 Ablation Study on PLM-PDD

The comparison between PLM-PDD and PLM-
ICD in Section 5.1 demonstrates the benefit of mod-
eling the two noisy diagnosis proxies rather than
using the ICD proxy as direct supervision. We fur-
ther investigated two components of our methodol-
ogy to understand their contribution to PLM-PDD
performance. Table 2 reports the performance of
the following variants relative to the full model.

No auxiliary ICD supervision. To evaluate the
role of the multitask objective, we trained a variant
of PLM-PDD that removes the auxiliary prediction
of the K = 50 ICD codes and optimizes only the
PDD objective.

No gray-zone training. To evaluate the contribu-
tion of cases in which the two proxy labels disagree,
we trained a variant after removing all gray-zone
admissions from the training data while retaining
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Table 1: Number of agreements with the expert-adjudicated PDD label for AKI in the adjudicated test subset.

Proxy pattern #1ICU test # Adjudicated

DD pbb ¥DIGO PLM-ICD PLM-PDD

DICP — o, pPP — 6009 30
D0 —1 DPP -1 608 30
D' — 1 DPP — 1730 90

27 27 23 28 29
28 28 26 30 30
62 28 60 65 77

Table 2: Ablation study evaluating the contribution of
auxiliary ICD supervision and gray-zone training exam-
ples.

Model W. Accuracy  F1

PLM-PDD (Full) 94.6 0.920
No auxiliary ICD 88.3 0.714
No gray-zone training 86.9 0.652

Table 3: Results for inputting various sections of dis-
charge summary to PLM-PDD

Section W. Accuracy | F1-Score
Full document 94.6 0.920
Allergies 80.2 0.000
Chief Complaint 80.2 0.000
History of Present Illness 83.7 0.473
Past Medical History 80.2 0.000
Pertinent Results 85.8 0.620
Brief Hospital Course 88.6 0.843
Discharge Medications 80.5 0.069
BHC+HPI 934 0.896
Full document without PR 94.6 0.920

the auxiliary ICD prediction objective.

Removing either component substantially re-
duces performance. Without auxiliary ICD supervi-
sion, population-weighted accuracy decreases from
94.6% to 88.3%, and F1 decreases from 0.920 to
0.714. Removing gray-zone training examples pro-
duces an even larger reduction, to 86.9% weighted
accuracy and 0.652 F1. These results suggest that
both auxiliary ICD supervision and training on
proxy-disagreement cases contribute to the perfor-
mance of PLM-PDD, with the gray-zone examples
being particularly important for learning the dis-
tinction between the two noisy labels.

5.3 Analysis by Discharge Summary Section

We next investigated which sections of the dis-
charge summary are most informative for PLM-
PDD predictions on the adjudicated test subset.
We extracted individual sections, including Chief
Complaint, History of Present Illness (HPI), Past
Medical History, Pertinent Results (PR), Brief Hos-
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m AKI-ICD=1, AKI-DD=1 55.3
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501 mmm AKI-ICD=1, AKI-DD=0
43.4

40.4

N
o

31.9

28.0 29.7

24.7

Percentage (%)
w
o

20
15.5
11.

7
10 o

0 1-7
Number of tokens with high attention score

8-31 32-63 64+

Figure 6: Distribution of number of high-attention to-
kens across non—gray zone positives, non—gray zone
negatives, and gray-zone cases

pital Course (BHC), and Discharge Medications.
Each section was independently provided as input
to the trained PLM-PDD model, and we measured
population-weighted accuracy and F1 against the
expert-adjudicated PDD labels (Table 3).

Among individual sections, Brief Hospital
Course yields the highest performance, with a
weighted accuracy of 88.6% and an F1 of 0.843.
History of Present Illness and Pertinent Results
are the next most informative individual sections.
Combining Brief Hospital Course and History of
Present Illness further increases performance to
93.4% weighted accuracy and 0.896 F1, approach-
ing the performance obtained using the full dis-
charge summary.

We also evaluated the model after removing the
Pertinent Results section from the full discharge
summary. Performance remained unchanged at
94.6% weighted accuracy and 0.920 F1. Thus,
PLM-PDD does not depend on the dedicated Perti-
nent Results section to achieve its full performance,
suggesting that substantial diagnostic information
is also available elsewhere in the clinical narrative.

5.4 Attention Analysis

We next analyzed PLM-PDD’s label-attention
scores to investigate what information in the dis-
charge summaries contributes to its predictions.
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Figure 7: Comparison of attention scores between
expert-highlighted and random phrases

We consider two questions: (1) which clinical
concepts receive high attention from PLM-PDD,
and (2) whether expert-highlighted evidence re-
ceives higher attention than comparable randomly
selected text.

Which clinical concepts receive high attention?
We performed this analysis on the ICU test set of
8,368 admissions. For each discharge summary, we
passed the text through PLM-PDD and extracted
the raw label-attention score for each token. These
scores are the weights assigned to tokens by the
model’s label-attention mechanism when produc-
ing its PDD prediction.

The highest-attention tokens include clinically
meaningful concepts related to AKI diagnosis
(e.g., creatinine, oliguria), treatment (e.g., dialysis,
hemodialysis, CVVH, IVF), and relevant comorbidi-
ties (e.g., CKD, CRF, ESRD). Additional examples
are provided in Appendix D.

We also examined how the number of high-
attention tokens varies across proxy-agreement
groups. For visualization, we define high-attention
tokens as tokens with a raw attention score greater
than 2.5. The selection of this threshold is de-
scribed in Appendix C. Figure 6 shows the dis-
tribution of the number of high-attention tokens
among admissions where both proxy labels are pos-
itive, both are negative, and the dominant gray-zone
group D'P =1, DPP =,

Admissions for which both proxy labels are pos-
itive frequently contain many high-attention to-
kens: 55.3% contain more than 64 such tokens.
In contrast, nearly half of admissions for which
both proxy labels are negative contain no high-
attention tokens. Gray-zone admissions show a
substantially broader distribution. Some contain
little high-attention evidence, while others contain

many high-attention tokens, consistent with the het-
erogeneity of cases for which the two weak labels
disagree.

Do expert-highlighted phrases receive higher
attention? We next used the adjudicated test sub-
set, for which experts highlighted portions of each
discharge summary that provided positive or neg-
ative evidence about AKI. Across the 150 admis-
sions, the experts highlighted 356 phrases of vary-
ing lengths. For each highlighted phrase, we ex-
tracted the maximum PLM-PDD attention score
assigned to a token within that phrase.

To provide a comparison distribution, for each
expert-highlighted phrase we randomly selected a
phrase of the same length from one of the same 150
discharge summaries and calculated its maximum
attention score. Figure 7 compares the resulting
distributions.

More than 60% of expert-highlighted phrases
have maximum attention scores in the 4—6 range,
whereas more than 70% of matched random
phrases have scores below 0. Only a small fraction
of random phrases receive scores in the 4-6 range.
Thus, text spans identified by clinicians as rele-
vant evidence for AKI tend to receive substantially
higher PLM-PDD attention scores than matched
random text spans. This provides evidence that the
model’s attention is associated with clinically rel-
evant evidence identified independently by expert
reviewers.

6 Conclusion

In this paper, we proposed an approach to extract
physician-determined diagnoses (PDD) from clini-
cal narratives without expert-labeled training data.
We modeled the ICD and Discharge Diagnosis la-
bels as complementary noisy observations of a la-
tent PDD and developed a weakly supervised learn-
ing framework that exploits their different error
patterns. In experiments, PLM-PDD achieved the
highest agreement with expert-adjudicated PDD,
and expert-highlighted evidence received substan-
tially higher model attention than matched random
text. Although we evaluated the approach on AKI,
the framework is designed to extend to other dis-
eases for which analogous diagnosis proxies can be
constructed, which will be studied in future work.
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7 Limitations

This study has several limitations. First, our study
is based on the MIMIC-IV dataset from a single
U.S. hospital system. The performance and error
patterns of the proxy labels may differ across insti-
tutions and coding/documentation practices. Sec-
ond, we evaluated expert-adjudicated PDD only
for AKI, a disease for which our research team
had the clinical expertise required for adjudication.
Evaluation on additional diseases with appropriate
domain experts is needed to establish whether the
approach generalizes beyond AKI. Finally, the Phy-
sioNet Credentialed Health Data Use Agreement
prevented us from transmitting MIMIC-IV records
to third-party hosted services, so we could not eval-
uate cloud-based language models as baselines.

8 Ethical Considerations

This study uses de-identified clinical records from
MIMIC-IV. Access to the dataset was obtained
through PhysioNet after completing the required
human-subjects protection training and signing the
PhysioNet Credentialed Health Data Use Agree-
ment. The agreement specifies that credentialed
users may access the data solely for lawful scien-
tific research purposes and may not share the data
or provide access to third parties. Consistent with
PhysioNet guidance, this restriction includes trans-
mitting the data to external services or APIs, such
as hosted large language model platforms.

The 150 discharge summaries used for expert
adjudication were reviewed by four physician coau-
thors as part of the research process. No informa-
tion about the annotators themselves was collected
or analyzed. Our university’s Institutional Review
Board determined that the study was exempt from
IRB review because it used de-identified data and
did not constitute human-subjects research.
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A  PLM Model

(Huang et al., 2022) introduced a framework called
PLM (Pretrained Language Model) to automate
the classification of discharge summaries into ICD
codes using pretrained language models. In this
paper, the authors first pretrain a transformer-based
encoder, such as BERT and RoBERTa, on a masked
language modeling (MLM) task using biomedical-
specific datasets including PubMed and MIMIC-
III. This pretraining improves the model’s ability
to capture semantic relationships between clinical
terms and helps it learn domain-specific language
patterns. As a result, the encoder is better suited
for downstream tasks.

Discharge summaries are long documents that
typically exceed the 512-token input limit of tradi-
tional transformer-based encoders such as BERT.
PLM addresses this challenge by splitting each
discharge summary into consecutive, equal-length,
non-overlapping segments. These segments are
then passed through a shared transformer encoder
to obtain token-level embeddings. The resulting
embeddings are processed by a label attention
mechanism that generates a separate document em-
bedding for each label, allowing the model to focus
on different parts of the text depending on the la-
bel being predicted. Finally, these representations
are fed into a linear layer to perform multi-label
classification.

Let M denote the total number of prediction
labels. The model splits each document into |s|
consecutive segments with 7" tokens:

s = {81,82,...,S|s|} S Rls‘XT.

Each segment s; is passed through a shared
transformer-based encoder, such as BERT or
RoBERTa, to obtain token embeddings. These em-
beddings are concatenated across all segments to
form a 3D tensor H € RIsIXT*E:

H = concat(Encoder(s1), . . ., Encoder(s|y)),

where E is the embedding dimension of the en-
coder. The tensor H is then reshaped into a 2D
matrix H € RIITXE. Two trainable matrices
V € RPXE and W € RF*M are then used to
compute label-specific attention:

Z = tanh(HV) € RIIT*F
A = softmax(ZW) € RISIT>M

Each column of A contains the label-attention
weights over the document tokens for one predic-
tion label. Matrix A is then used to compute a
weighted sum of the original token embeddings, re-
sulting in label-specific document representations:

D= ATH € RM*E,

Each row D; represents the document embed-
ding associated with label 7. The model also uses a
learnable label embedding matrix

L e RM*F

where each row L; is the learned embedding asso-
ciated with label <. The probability associated with
label 7 is computed by taking the dot product of L;
and D;, followed by a sigmoid activation:

P; = sigmoid((L;, D;)).

In PLM-PDD, one label-specific representation
is used to parameterize Py(DIPP = 1 | S,),
while the remaining label-specific representations
are used to predict the K auxiliary ICD labels
described in Section 3.4. Thus, for PLM-PDD,
M=K+1.

B Gray-Zone For Other Diagnoses

To examine whether the disagreement between ICD
coding and physician-documented diagnoses is spe-
cific to AKI or reflects a more general phenomenon
in EHR data, we performed a similar analysis for
another common clinical condition: heart failure
(HF) on the same ICU-Cohort with 8, 368 admis-
sions and the results are shown in Figure 8.

Because expert-adjudicated labels were available
only for AKI, we did not train or evaluate the PLM-
PDD model for heart failure. Instead, this analysis
serves to illustrate that the gray-zone phenomenon
motivating our framework is not unique to AKI and
arises for other diagnoses in EHR data.

C Implementation Details

Cohort Selection We selected adult admissions
(age > 18) meeting the following inclusion criteria:
at least one ICU visit, at least two serum creatinine
(SCr) measurements, at least one recorded urine
output (UO), recorded weight, exactly one ICU stay
per admission, and no record of renal transplant at
discharge.

For training and evaluating the model, we re-
moved the Discharge Diagnosis section from the
discharge summary.
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Total: 8,368

Figure 8: Venn diagram illustrating the relationship
between ICD-coded Heart Failure (HF) (D'P = 1)
and HF documented in the Discharge Diagnosis section
(DPP = 1) across 8,368 ICU admissions. The gray
area represents the gray-zone between the ICD and Dis-
charge Diagnosis labels.

AKI-ICD The ICD codes associated with AKI
are: ICD-9 codes 584, 584.5, 584.6, 584.7, 584.8,
and 584.9, or ICD-10 codes N17, N17.0, N17.1,
N17.2,N17.8, and N17.9.

Discharge Diagnosis Extraction The disease
terminology set was constructed using UMLS re-
sources, clinical expertise, and manual inspection
of hundreds of Discharge Diagnosis sections, and
included common AKI surface forms and abbrevia-
tions such as AKI, acute kidney injury, acute renal
failure, and ARF. To assess the recall of the string-
matching procedure used to construct DPP, we
manually reviewed 400 discharge summaries, in-
cluding 200 cases for which the matcher assigned
DPP = 1 and 200 cases for which it assigned
DPP = (. Two authors reviewed all 400 cases
to determine whether AKI was explicitly listed in
the Discharge Diagnosis section. All 200 matcher-
positive cases contained an explicit AKI mention,
and no explicit AKI mentions were missed among
the 200 matcher-negative cases.

KDIGO The KDIGO guidelines (Khwaja, 2012)
define Acute Kidney Injury (AKI) using three cri-
teria: (1) an increase in serum creatinine (SCr) by
> 0.3 mg/dL within 48 hours, (2) an increase to
> 1.5 times the baseline within seven days, and (3)
urine output (UO) < 0.5 mL/kg/hour for at least
six hours. Because MIMIC-IV lacks pre-admission
data for most patients (except for a small subset
of patients with prior admissions), we followed

prior studies in the literature (Wiersema et al.,
2020; Moledina et al., 2021; Esposito et al., 2024)
and relied solely on serum creatinine (SCr) values
recorded during the admission.

In this study, we adopted the following imple-
mentation of KDIGO (Wiersema et al., 2020; Mole-
dina et al., 2021):

We considered only the serum SCr-based
KDIGO criteria (1 and 2), excluding the urine out-
put—based criterion (criterion 3). For criterion (2),
several baseline definitions have been proposed
in the literature. Some studies define baseline
using the minimum or the first serum creatinine
(SCr) measurement within the preceding seven
days (Wiersema et al., 2020; Ehmann et al., 2023;
Coca et al., 2007; Moledina et al., 2021), whereas
others use the minimum SCr value observed during
the entire hospitalization which we refer to as retro-
spective KDIGO (Triep et al., 2022; Khadzhynov
et al., 2019).

In this work, we defined baseline as the mini-
mum SCr value during the hospital stay (retrospec-
tive KDIGO).

Selection of Attention Threshold To select the
attention threshold, we analyzed the distribution
of attention scores across tokens and observed that
tokens in the higher attention range consistently
corresponded to clinically meaningful AKI-related
concepts, such as creatinine and dialysis, as also
shown in Table 4. Based on this analysis, we
selected a threshold of 2.5 to capture this high-
attention region, where tokens are more likely to
represent AKI-related clinical concepts. We further
validated this observation through expert review of
representative high-attention tokens.

PLM In our experiments, we used the RoOBERTa-
based encoder !, which was pretrained on biomedi-
cal corpora including PubMed abstracts, PMC full
texts, and MIMIC-III clinical notes using a masked
language modeling (MLM) objective. During fine-
tuning the PLM model, we did not freeze the en-
coder and used the same hyperparameters used in
the paper (Huang et al., 2022).

To ensure consistency across coding systems,
ICD-9 and ICD-10 codes were mapped to unified
disease categories using the General Equivalence
Mappings (GEMS) provided by the Centers for
Medicare & Medicaid Services.”

1https: //github.com/facebookresearch/bio-1m

2ht’cps: //www.cms.gov/medicare/coding-billing/
icd-10-codes/icd-10-cm-icd-10-pcs-gem-archive
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D Results

D.1 Inter-Rater Agreement

To evaluate agreement among the four experts,
we computed inter-rater agreement across the 150
adjudicated admissions. Overall agreement was
85.3% with Fleiss’ k = 0.798. For the non-
gray zone, agreement was 88.3% with k = 0.844,
while for the gray-zone, agreement was 83.3% with
x = 0.754. These values indicate near-perfect
agreement, particularly given that AKI diagnosis is
known to be clinically challenging.

D.2 PLM Interpretability Analysis

We performed this analysis on ICU test set which
includes 8,368 admissions. For each discharge sum-
mary, we passed the text through PLM-PDD and
extracted the raw attention scores (ZW), as de-
scribed in Appendix A. These scores reflect how
much each token contributes to the model’s predic-
tion for PLM-PDD. We then computed the average
attention score for each unique token across all dis-
charge summaries in ICU test set. Tokens were
then ranked by their average score and the top to-
kens, along with summary statistics, are presented
in Table 4.

The attention analysis shows that PLM-PDD fo-
cuses on clinically meaningful concepts related
to AKI diagnosis (e.g., creatinine, oliguria), treat-
ment (e.g., dialysis, hemodialysis, CVVH, IVF),
and comorbidities (e.g., CKD, CRF, ESRD). These
findings indicate that PLM-PDD not only aligns
closely with expert annotations, but also learns to
prioritize the same clinical concepts that physicians
rely on when diagnosing and managing AKI.

D.3 Evaluation of PLM Model on Top 50 ICD
Codes

As we mentioned earlier, we constructed an ex-
panded training cohort including both ICU and
non-ICU cases for training our approach. In this
section, we will evaluate whether including non-
ICU cases was a reasonable design choice.

Our goal is to achieve high accuracy on the ICU
test set, which consists of admissions with ICU
stays. One option is to train the model on the ICU-
only subset of the training and validation split of
the expanded training cohort (N = 33,472), as
this subset shares the same distribution as ICU test
set. Alternatively, we could train the model on the
full training and validation split of the expanded
training cohort, which includes both ICU and non-

ICU admissions (N = 331,604). Although this
full dataset is distributionally biased relative to the
ICU test set, it offers a substantially larger number
of admissions.

We trained the model under two settings: (1)
using the full training and validation split of the
expanded training cohort, and (2) using the ICU-
only subset of this split. We then evaluated both
models on the ICU test set and computed the F1-
score for each of the 50 ICD codes. The results are
presented in Figure 9.

‘We observe that for all ICD codes, the model
trained on full training split of the expanded train-
ing cohort consistently outperforms the model
trained only on ICU cases. The macro F1-score
of the expanded-training model is 0.69, compared
to 0.59 for the ICU-only model. Specifically, for
the AKI-ICD label, the F1-score is 0.84 for the
expanded-training model versus 0.77 for the ICU-
only model. These results confirm our hypothesis
that using expanded training data for training the

PLM model was beneficial.
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Figure 9: Comparison of PLM model performance when
trained on the full training split of the expanded training
cohort versus its ICU-only subset, evaluated on the ICU
test set. Results are shown across the 50 most frequent
ICD codes based on F1-score.

D.4 Attention score distribution of PLM-PDD
for a few AKI-related tokens

In this section, we analyze the attention score dis-
tribution of PLM-PDD for a subset of AKI-related
tokens. We selected 608 admissions from the ICU
test set where both AKI-DD and AKI-ICD labels
were positive. As shown in Figure 10, the attention
distributions vary across tokens but consistently
show that a substantial proportion receive high at-
tention scores (greater than 2.5). However, some
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Table 4: Tokens with the highest average attention scores assigned by PLM-PDD, with summary statistics of their

attention scores across the ICU test set.

Token Mean Std Min Max # Occurrences
ARF (Acute Renal Failure) 5.706 1.963 -3.798 7.244 305
CVVH (Continuous Veno-Venous Hemofiltration) 5.238 1.442 -2.504 6.821 259
ESRD (End-Stage Renal Disease) 4774 1367 -2.748 5.653 614
Oliguria (low urine output) 4.403 2227 -2450 7.049 260
CRF (Chronic Renal Failure) 4354 1.128 -1.448 5.895 51
Dialysis 4243 1505 -2.922 6.687 1400
Injury 4315 3.070 -2.800 7.167 157
CKD (Chronic Kidney Disease) 4.140 0.799 -2.535 5.587 1950
Hemodialysis 3984 1.605 -2.955 6.099 536
Uric (Uric Acid) 3.683 2.790 -2.763 6.956 370
CRI (Chronic Renal Insufficiency) 3.628 2.143 -3472 5.119 102
Creatinine 3371 1.862 -4.197 6.995 22341
Kidney 3258 2.959 -3.744 7.136 394
Nephrology 3223 1.853 -2.736 5.989 161
Nephropathy (kidney disease) 2.822 2.161 -1.681 6.809 225
Renal 2.813 2963 -3.431 7.112 6607
Resuscitation (vital function support) 2797 1375 -2.336 6.437 757
Hyperkalemia (high potassium level) 2731 1348 -2.593 5.385 399
Fluids (intravenous fluids) 2.693 1.279 -2.321 6.387 195
Casts (urinary casts) 2.669 2321 -2.857 5.736 109
IVF (IV fluids for hydration) 2.594 1.016 -4.180 6.137 2519
Injured 2.351 3.150 -2.638 6.731 74
Vasopressin (hormone for BP control) 2.338 0.841 -1.339 4924 150

instances still exhibit lower attention scores, reflect-
ing the fact that these tokens are not always used
in AKI-related contexts. For instance, the token
“injury” receives high attention when referring to
kidney injury, but much lower attention when used
in unrelated contexts. This demonstrates that PLM-
PDD does not assign high attention to AKI-related
tokens uniformly; rather, it modulates attention
based on clinical context.

E Use of Generative Al

Generative Al tools were used only for language
editing and proofreading. The authors take full
responsibility for the content.

F Code Availability

The implementation of PLM-PDD and the code
used for the experiments are publicly available at
https://github.com/vmahzoon76/PLM-PDD.
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Figure 10: Attention score distribution for a few AKI-related tokens for PLM-PDD Model
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