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Abstract

Distribution shift can lead to degradation in the
performance of machine learning models. This
concern is particularly salient in medicine, in
which several forces can lead to shifts in Elec-
tronic Health Record (EHR) data. Distribu-
tion shift in the text domain is vastly under-
studied, but increasingly important, given the
widespread integration of large language mod-
els into clinical workflows. Identifying the ex-
istence of a shift is necessary but insufficient;
actionability often requires understanding the
nature of the shift. To address this challenge,
we establish an extensible benchmark suite that
induces synthetic distribution shifts using real
clinical notes and develop two methods to as-
sess generated shift explanations. We further
introduce SIReNs, a general-domain end-to-
end approach that explains distributional differ-
ences between two datasets by selecting repre-
sentative notes from each. The SIReNs method
was evaluated on both binary and continuous
feature shifts, and the results show that it re-
covers salient binary shifts well, but struggles
with more subtle shifts. A substantial gap re-
mains to a ground-truth oracle for continuous
shifts, suggesting room for improvement in fu-
ture methods.

Keywords: clinical notes, distribution shift,
shift explanation, benchmark, interpretability,
large language models
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1. Introduction

Machine learning models frequently encounter dis-
tribution shift, in which test-time data significantly
differs from training data, often leading to eroded
model performance (Koh et al., 2021). Distribution
shift poses a particularly acute threat in medicine, as
medical knowledge, treatment protocols, documen-
tation styles, and patient demographics differ across
institutions and evolve over time (Sohn et al., 2018;
Subbaswamy and Saria, 2020; Finlayson et al., 2021;
Guo et al., 2023). Prior work on distribution shift de-
tection and mitigation has largely focused on images
and structured data, with comparatively less atten-
tion on the text domain (Malinin et al., 2021; Yao
et al., 2022; Gardner et al., 2023; Taori et al., 2020).

However, with the rapid adoption of NLP in health-
care, textual shift could affect a wide range of de-
ployed NLP tasks, from predictive (e.g., readmission
prediction) to extractive (e.g., phenotyping) and gen-
erative tasks (e.g., summarization, patient question
answering) (Tai-Seale et al., 2024; Van Veen et al.,
2023; Jiang et al., 2023). While the performance of
predictive models can often be monitored based on
future ground truth, the evaluation of extractive and
generative algorithms in medicine often requires man-
ual labor-intensive effort, making proactive shift iden-
tification essential. Given the high stakes of medicine,
failures to generalize could have serious downstream
consequences. Further motivations include under-
standing (i) how synthetic clinical notes diverge from
their real-world counterparts and (ii) how ambient
documentation tools may change the content of clini-
cal notes (Kweon et al., 2023; Li et al., 2021; Tierney
et al., 2024).

The ability to detect and interpret shifts in clini-
cal text inputs is essential to anticipate model fail-
ures and guide remediation before or during deploy-

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74


https://github.com/Flora-jia-jfr/Interpreting-Dataset-Shift-in-Clinical-Notes

75

76

7

78

79

80

81

82

83

84

85

86

87

88

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

INTERPRETING DATASET SHIFT IN CLINICAL NOTES

Step 1: Step 2:
Inducing Synthetic Distribution Shifts Generate Explanations
Dataset A
Feature F Dataset A Dataset B EI B
e Death 90% 10%
explanation
Procedure 60% 40% generation

(e.g. by SIReNs)
more elderly fewer elderly
patients patients

Qﬂ@ Start Age

E¥F length of stay

more longer fewer longer
stays stays

to mention

Figure 1: An overview of our benchmark pipeline:

Dataset B

' +3

description of difference
between the two datasets

(e.g. Dataset A is more likely

patients)

Step 3:
Evaluate explanations against ground truth

Evaluation 1: Rubric-based scoring

Score Criteria

Explicitly mentions F more likely in dataset 2

Doesn't explicitly mentions F but mentions G more likely in

*2 dataset 2

Evaluation 2: Evaluating discriminative power

LLM prompt: Based Held-out dataset
on this distinction oy a1 feature F 170010
[...], classify these

held-out samples  Prediction on feature F 1 0 1 1 0

1) Constructing text datasets that contain synthetic

distribution shifts based on a feature, 2) Generating explanations for the shift using various methods, in-
cluding SIReNs, 3) Evaluating explanations against ground truth, using both rubric-based scores and the
discriminative power of the explained feature against the ground truth feature we shifted on

ment. Because a distribution shift does not necessar-
ily imply degradation in task performance, explain-
ing the nature of the shift is critical for identifying
those shifts that necessitate intervention, e.g., new
in-context examples, further fine-tuning, or data aug-
mentation. Therefore, this work aims to intro-
duce and address dataset shift interpretation
in clinical notes. Since there are no existing ground
truth datasets in this space, we establish the existence
of these shifts, design benchmark software to synthet-
ically induce interpretable shifts in the MIMIC-IV
dataset (Johnson et al., 2023), and introduce a princi-
pled approach for tackling the problem. Specifically,
we make the following contributions:

1. Demonstration of shift in MIMIC notes
(Section 3): We demonstrate real-world shifts in
MIMIC-IV’s Brief Hospital Course summaries.

2. Benchmark software suite for synthetically
inducing shifts in MIMIC (Section 4): We
introduce an extensible, end-to-end benchmark
suite (Figure 1) that induces controlled shifts of
user-specified magnitude in user-selected struc-
tured variables, supporting both binary (preva-
lence) and continuous (distributional) features. It
further evaluates explanations via a rubric-based
scoring and an accuracy score on the discrimina-
tive efficacy in classifying the data source.

3. SIReNs: a lightweight paradigm for ex-
plaining distribution shift in text (Section 5):
We introduce SIReNs, a general-domain frame-
work that explains distributional differences be-
tween two datasets by selecting a small set of rep-
resentative notes, using interchangeable selection
modules (multiple instantiations provided), and

prompting an LLM for a natural language expla-
nation. While SIReNs is domain-agnostic, in this
paper, we evaluate its effiacy on clinical notes dis-
playing both binary and continuous shifts. SIReNs
recovers salient binary shifts but struggles with
continuous attributes and broad concepts, high-
lighting the challenge of aggregating weak textual
signals.

2. Related Work
2.1. Detection of Distribution Shift in Text

Research on temporal semantic change focuses on
how meaning and usage of individual words evolve
over time, from time-sliced distributional methods
with PPMI/SVD and word2vec (Hamilton et al.,
2016), to contextualized, usage-sensitive analyses
with BERT-style representations (Giulianelli et al.,
2020), and community benchmarks (Schlechtweg
et al., 2020). In parallel, early methods for detect-
ing shifts between text distributions have been largely
motivated by the task of distinguishing human-
generated text from machine-generated text. Ear-
lier methods employed property-specific statistics to
measure individual text characteristics like repeti-
tion (Holtzman et al., 2019; Welleck et al., 2019) or
sentence-level verifiability against Wikipedia. (Mas-
sarelli et al., 2019). MAUVE compares the distribu-
tion of model-generated text to human text using di-
vergence frontiers between language model probabil-
ity distributions (Pillutla et al., 2021). Other meth-
ods similarly measure the divergence between the dis-
tributions of cluster assignments of text embeddings
(Gupta et al., 2023).
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INTERPRETING DATASET SHIFT IN CLINICAL NOTES

While these methods offer increasingly adaptable
ways to detect and measure shifts between text dis-
tributions, they do not explain the nature of such
shifts in a human-interpretable way that points to
underlying causes.

2.2. Distribution Shift in Clinical Text

Research on distribution shift in clinical notes re-
mains limited, and prior work has focused on surface-
level or predefined structural metrics rather than
open-ended semantic characterization. For exam-
ple, Sohn et al. (2018) examined frequencies of pre-
determined asthma keywords across two hospitals
and the corresponding degradation in an NLP asthma
model transferred between the two sites. Others have
found different rates of pre-defined sentiment words
in clinical notes of patients across races (Bilotta et al.,
2024). Longitudinally, Rahimian et al. found on-
cology notes became longer and more readable after
the implementation of OpenNotes. Similarly, Peter-
son and Liu found that the embeddings learned from
old vs. new clinical notes show semantic shift (e.g.
‘portal’ used to be associated with portal vein and
shifted to largely refer to patient portals). While ex-
isting work has typically been confined to predefined
categories, real-wirld semantic shifts can be localized,
compositional, and multi-scale.

2.3. Explanation Generation

Rationale extraction work focuses on instance-level
prediction explanation by selecting minimal, suffi-
cient spans that preserve a model’s label. Early joint
selectors learn contiguous rationales without gold la-
bel supervision for the rationales (Lei et al., 2016).
Extensions include incorporating more diverse objec-
tives towards robustness, faithfulness, and plausibil-
ity (Li et al., 2022; Madani and Minervini, 2023), or
unified training frameworks (Chan et al., 2022). De-
spite differing optimization goals, these approaches
all assume labeled examples and relatively short in-
puts, rather than unlabeled, corpus-level comparison.

Closer to our goal are methods that verbalize differ-
ences or characterize datasets globally. VisDiff gener-
ates natural language descriptions for differences be-
tween two image sets under an assumption that all
items in Group B share a characteristic not found
in Group A (Dunlap et al., 2024). In particular,
VisDiff samples captions generates caption for each
image, has an LLM propose differences, and uses a
reranker to choose the best explanation. Similarly,

Zhong et al. (2024) has an LLM suggest human-
legible clusters and cluster assignments, and then
sees how predictive cluster assignment is of the label.
However, both works deal with inputs that were less
multifaceted (e.g., distinguishing articles of politi-
cians from articles of athletes).

3. Data

3.1. Dataset Overview

We use the Brief Hospital Course (BHC) summaries
from MIMIC-IV (Johnson et al., 2024), a large
database of ICU admissions. While exact admission
dates are de-identified, a three-year window for the
start year of each note allows for approximate analy-
sis. The dataset also spans the pivotal October 2015
transition on International Classification of Diseases
(ICD) codes from ICD-9 to ICD-10, a known source
of distributional shift.

3.2. Examples of Real-World Dataset Shift

To motivate our work, we first demonstrate that real-
world, impactful shifts are present within this corpus.
We identified two types of temporal shifts in BHC
notes from 2008 to 2020.

Structural Shift BHC notes underwent marked
structural change (2008-2020): mean length in-
creased by over 34%. This was partially driven by the
widespread adoption of standardized templates. A
key example is the structured ”Issues” section, found
in < 1% of notes in 2008 and over 50% in 2020. A de-
tailed analysis and visualization are provided in Ap-
pendix B.

Semantic Shift in the Depression Cohort
More subtly, we found a significant semantic shift re-
lated to the ICD coding transition on the single diag-
nosis of ”Major Depressive (Affective) Disorder, Sin-
gle Episode, Unspecified,” the most common billing
code for depression in the dataset. Figure 2 re-
veals that note embeddings with this ICD-9 depres-
sion code have much more clustered representations,
compared to notes with the ICD-10 depression code,
which resemble a random set of notes. Quantitatively,
we compute pairwise Maximum Mean Discrepancies
(MMDs) between Gatortron embeddings of notes in
each of the four groups (Yang et al., 2022). The MMD
between ICD-9 depression and each of the other three
groups is larger than any other pairwise MMD among
these groups, with more results shown in Table 9
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PCA of notes embeddings by ICD code
Depression ICD9 Depression ICD10

-25 -20 -15 -1.0 -05 00 05 10 15 -3 -2 -1 o 1
Cl PC1
Random ICD9 Random ICD10

Figure 2: ICD-9 depression notes form a tight cluster;
ICD-10 depression notes shows a broader semantic
dispersion, which mimics the wider distribution.

in Appendix B. This marks a shift, as the ICD-9
code was primarily used when the chief complaint
was downstream of depression, whereas the ICD-10
code was used for patients of all chief complaints,
even when the depression was just incidental. We
later show in Appendix C that our method can re-
cover this shift.

4. Benchmarking Explanation of Shift

Evaluating the quality of a shift explanation requires
a pair of datasets with a known, underlying distinc-
tion. To circumvent the lack of ground truth data,
we create a benchmark where we induce controllable,
synthetic shifts in MIMIC-IV, providing a quantita-
tive ground truth against which we can evaluate gen-
erated explanations. Our benchmark is designed to
assess if a natural language explanation is both accu-
rate (correctly identifies the induced shift) and pow-
erful (is discriminative for the underlying feature).
The rich structured data in MIMIC-IV, linked to each
clinical note, allows us to induce precise shifts based
on features F' and treat the nature and magnitude of
this induced change as the ground truth. We describe
our shift induction methods and two complementary
evaluation frameworks below.

Choice of Shifted Concept: In-hospital mortality rate
Choice of sampling rates: 0.6, 0.4

sampling positive
with probability 0.6

Dataset A with unseen labels

x 0.61

sampling positive
with probability 0.4

Dataset B with unseen labels

x 0.38

x 0.39 x 0.62

1

Ground truth natural language explanation:
“Dataset A has more instances of in-hospital mortality than dataset B”

Figure 3: Construction of datasets with a prevalence
shift on binary feature: Dataset A has more instances
of in-hospital mortality than Dataset B

4.1. Inducing Synthetic Distribution Shifts

We begin with a large set of hospital admission notes
U. To create datasets with shift, we sample two
datasets, D4 C U and Dp C U, such that their un-
derlying distributions differ with respect to a chosen
feature F'. Our objective would be to generate a natu-
ral language explanation E(D 4, Dp) that accurately
describes the shift on feature F'.

Shift on Binary Variable Let F : U — {0,1}
be a binary feature (e.g., in-hospital-mortality). We
construct two datasets, dataset A (D4) and dataset
B (Dp), with target prevalences p4 and pp where
pa > pp. We sample without replacement from U
using stratified sampling over the strata F' = 1 and
F = 0 to satisfy P(F(x) = 1llx € D4) = pa and
P(F(x) = 1| € Dg) = pp. Figure 3 illustrates an
example with py = 0.60 and pp = 0.40 for in-hospital
mortality.

Shift on Continuous Variable Let F: U — R be
a continuous feature (e.g., patient age at admission),
and let N be the number of notes in U. We first sort
U in ascending order of F' so that x; has the lowest
value and x the highest. To induce a controlled shift
toward higher F' values in dataset A, we assign a sam-
pling weight to each z; via a temperature-controlled

softmax: w(z;) = exp (¢/T)

= S o0 G/T) for each note z; in
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the full corpus U, where T > 0 modulates concen-
tration (lower T’ places more mass on high-ranked
items). We then sample ny items without replace-
ment from U according to w to form D 4. Dataset Dpg
is obtained by sampling np items uniformly without
replacement from the remaining pool U \ D 4. This
procedure yields D4 with a distribution of F' shifted
toward higher values relative to Dg. In the extremes,
T — oo approaches uniform sampling for D 4, while
T — 0 concentrates D 4 almost entirely on the notes
with the highest values of F'. A concise discussion of
how T affects the realized separation between D 4 and
Dp measured through Maximum Mean Discrepancy
(MMD) appears in Appendix A.4 and Table 8.

4.2. Evaluating Explanations against
ground-truth shift

Evaluation 1: Rubric-based Scoring To assess
an explanation’s semantic alignment with the ground-
truth shift, we employ a rubric-based scoring system
that can be consistently applied at scale by a large
language model (LLM), similar to the evaluation of
HealthBench (Arora et al., 2025). The rubric awards
points based on how accurately the explanation iden-
tifies the shifted feature and the direction of the shift.
For example, Table 1 shows the rubric for a shift in
in-hospital mortality. A high score (+3) is given for
explicitly naming the feature and its direction, while
partial credit (42) is given for identifying highly cor-
related concepts (e.g., "palliative care,” ”end-of-life
discussions”). This method is intuitive but may de-
pend on the LLM’s domain knowledge to recognize
correlated features.

Evaluation 2: Evaluating Discriminative
Power An effective explanation should not just
name the shifted feature F' but also capture the un-
derlying distinction in data with different F'. A pow-
erful explanation FE(D4, Dg) should be convertible
into a strong classifier for the ground-truth feature F'
on held-out data. However, other features G may be
highly correlated with F' (e.g., palliative care is corre-
lated with mortality). In such cases, an explanation
based on G is also valid.

To provide an objective measure of an explana-
tion’s discriminative power that is robust to such cor-
relations, we introduce the second evaluation for the
explanation’s discriminative power on the ground-
truth feature F. This measures whether the explana-
tion is an actionable summary that has distilled the
key discriminative pattern from the notes. We con-

Score | Criteria

+3 Explicitly mentions in-hospital death, and says
that it is more likely in dataset A

+2 Doesn’t explicitly mention in-hospital death, but
mentions characteristics that are correlated with
it, and says those characteristics are more likely
in dataset A

+1 Suggests there is a difference between the
datasets, but doesn’t make an effort to explain
it

0 Mentions a difference completely unrelated to in-
hospital death
-1 Fails to present a difference between datasets, or

says they are the same

-2 Mentions a characteristic related to in-hospital
death, but says it is more common in dataset B

-3 Mentions in-hospital death, but says it is more
common in dataset B

Table 1: Evaluation 1: Rubric-based scoring criteria
for in-hospital mortality shift. The template applies
to all features by substituting the feature name.

struct a held-out test set that is class-balanced for
binary F (equal number of F = 0 and F' = 1) and, for
continuous F', comprises notes from the lower and up-
per quartiles (bottom and top 25%). The procedure
is detailed in Algorithm 1. Examples and prompts for
both evaluation methods are detailed in Appendix E.

Algorithm 1 Evaluation 2: Discriminative Power
(Feature Classification)

Input: Explanation F, ground-truth feature F', full
data corpus U.
Output: Accuracy

Construct a held-out test set Dy, C U of notes with
balanced values of feature F.

// Binary: equal counts for F=0 and F=1;

Continuous: samples from bottom and top

25% quantiles.

Use the explanation E(D 4, Dp) to guide an LLM in
generating feature predictions Y,..q for all notes in
Dy,

Let Yirue be the set of corresponding ground-truth
feature labels for notes in Dy,.

Calculate classification metrics by comparing Yj;cq
and Y;frue~

return Accuracy
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5. Explanation Generation with
SIReNs

We introduce SIReNs (Shift Interpretation via
Representative Notes), a pipeline that produces nat-
ural language explanations for distributional shift be-
tween sets of clinical notes. As illustrated in Figure
4, STReNs first reduce the two large datasets to small,
highly illustrative subsets of notes and then use these
subsets to prompt an LLM for a summary of the un-
derlying shift.

5.1. Extracting Representative Notes

Clinical notes are quite long compared to typical in-
puts in NLP, and they tend to cover a large number of
concepts. In real-world cases of subtle dataset shift,
only some notes will provide evidence of the shifting
feature, and the signal may be concentrated in only
a small portion of that note. Our goal therefore is to
identify a small subset of k£ notes from each dataset
(D4 and Dp) that are maximally indicative of the
shift.

To achieve this, each clinical note x € Dy U Dpg is
encoded into an embedding of dimension m: h(z) €
R™ using GatorTron (Yang et al., 2022). We obtain
h(zx) by mean-pooling the last hidden states. We seek
a scoring function f : R™ — R that, when applied to
a note’s embedding, reflects its likelihood of belong-
ing to D 4. For all the notes in D4 U Dp, the top-k
notes under f form the representative subset for D 4,
and the bottom-k notes form the subset for Dg. We
explore three methods for deriving the scoring func-
tion f below:

Difference of means First, we define a linear
scoring function derived from the difference between
the mean embeddings of the two datasets (Appendix
G). Motivated by the view that embedding dimen-
sions approximate near-orthogonal latent concepts
(Elhage et al., 2022), a shift in concept prevalence
should manifest as a shift in the mean vector. Let
vaig = mean({h(x) : x € Dy}) — mean({h(z) : x €
Dg}). The score for any note is therefore the pro-
jection of its embedding onto this difference vector:
f(@) = h(z) - vair. The top-k and bottom-k notes
are respectively selected as representatives of D 4 and
Dpg.

Linear Probing We also train an L2-regularized
logistic regression classifier on frozen GatorTron em-
beddings to discriminate between D 4 and Dpg, label-
ing y = 1 for D4. The scoring function for a note

x is the predicted probability f(z) = P(y = 1]h(x)).
We take the top-k and bottom-k among all notes as
representative subsets.

Rationale-Based Finetuning Because clinical
notes are long and often contain substantial irrelevant
text, we adopt a rationale-based selector—predictor
framework. Starting from a GatorTron base model,
we fine-tune only the final lyuning transformer layers.
A selector module assigns soft selection weights to
tokens, while a predictor module takes in an em-
bedding of the selected span(s) to classify dataset
membership. Training minimizes the loss function
L= Lprcd +a- Lsparsity + ﬁ ! Lcontinuity7 where Lprcd
is cross-entropy, Leparsity encourages short rationales,
and Leontinuity discourages fragmentation. During
training time, we use Gumbel-Softmax for differen-
tiable token selection (Lei et al., 2016). At inference,
for each note we keep the top p% tokens (hyperpa-
rameter) by selection probability, form the rationale
embedding, and obtain f(e) = P(y = 1|h(rationale)).
Representative sets are chosen exactly as before (top-
k form subset for D4 and bottom-k form subset for
Dg), but only the extracted rationale snippets are
retained for explanation.

5.2. Using representative notes to generate a
shift explanation

With small sets of representative notes or text snip-
pets, a human could feasibly identify the underly-
ing shift. To automate this and enable evaluation at
scale, we provide these sets to a powerful LLM. The
prompt template can be found in Appendix E.

6. Experiments

6.1. Experiment Settings

Our benchmark can induce shifts along arbitrary
structured attributes in MIMIC-IV. This allows for
the creation of a wide range of evaluation scenarios
by selecting different attributes (e.g., demographics,
diagnoses, lab values) as the feature to induce a shift
on. While the benchmark supports a wide selection of
features, here we focus on six representative features
to evaluate SIReN’s performance:

e Binary Features: Death (patient death in-
hospital), Procedure (whether a patient had any
procedure), and Palliative care (whether the pa-
tient received palliative care).
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Step1: Select Most Representative Notes Step2: Explain the Shift using LLM

Brief Hospital Courses Score
Prompt:
0.9 Describe the difference between the two
Notes from datasets in 50 tokens or less:
Dataset A Classifier 0.7 This is Dataset A: {Note 1}...
(Dataset A v.s. B) This is Dataset B: {Note 3}...
or
Scorer 01 Lar .
ge Language Model Response:
Notes from Dataset A is more likely to have notes
Dataset B mentioning [....], while Dataset B is more likely
EI 0.3 to document stays in which [....] takes place.
Top-k and Bottom-k Scores

Selected Representative Notes

Figure 4: The SIReNs pipeline: From two large datasets of clinical notes (D4, Dp), we first identify k
representative notes that best capture the distributional shift for each dataset. These notes are then provided
to a large language model (LLM) to generate a concise, natural language explanation of the difference.

| Mean-Diff Linear Probing Rationale (Snippet) Rationale (Context) Random
Binary features
Death 2.62 4 0.06 2.33+0.07 2.12 4+ 0.07 2.37+0.08 1.83 £0.15
Procedure 2.77 4+ 0.06 2.724+0.11 2.73+£0.12 2.73+0.06 2.05+0.17
Palliative 2.80 £0.05 2.874+0.04 2.53+£0.11 2.60 £0.10 2.37+0.16
Continuous features
Length of stay 2.09 4+ 0.04 1.78 £0.09 1.04 £0.11 1.65 £0.11 1.85 £ 0.07
Diagnosis count | 1.98 4+ 0.03 1.88 £ 0.05 1.37+£0.11 1.85 4+ 0.06 1.95 +0.04
Start age 1.71 4+ 0.08 1.43£0.11 0.86 £0.11 1.39£0.10 1.47£0.10

Table 2: (Evaluation Method 1 in Section 4) Mean rubric score + standard error for each method, averaged
over all settings and all trials. Best score is in bold and second-best is underlined; higher is better.

| Mean-Diff Linear Probing Rationale (Snippet) Rationale (Context) Random Ground Truth
Binary features
Death 0.95 + 0.01 0.93+£0.01 0.91£0.02 0.93 £0.01 0.56 £ 0.05 0.97 £ 0.00
Procedure 0.66 £ 0.01 0.63 £ 0.02 0.63 £0.01 0.62 £0.01 0.50 £0.02 0.68 £0.01
Palliative 0.88 +0.01 0.86 + 0.02 0.85 4+ 0.02 0.87 £0.02 0.46 £0.04 0.92 £ 0.00
Continuous features
Length of stay 0.60 &+ 0.02 0.58 £0.02 0.54 £0.02 0.56 £ 0.02 0.51 £0.02 0.83 £0.00
Diagnosis count | 0.64 £ 0.02 0.63 +0.02 0.61 +0.02 0.64 + 0.02 0.55+0.03 0.76 £0.01
Start age 0.54+£0.01 0.52+£0.01 0.56 £0.01 0.58 + 0.01 0.53 £0.02 0.73£0.01

Table 3: (Evaluation Method 2 in Section 4) Mean accuracy + standard error for each method, averaged
over all settings and all trials. Best score is in bold and second-best is underlined (ground truth excluded);
higher is better. The Ground Truth column shows discriminative performance when the LLM is given an
oracle explanation that directly states the actual shifted feature (approximate upper bound).
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e Continuous Features: Diagnosis Count (the
total count of diagnoses), Length of Stay (the
length of hospital stay in days), and Age (the pa-

tient’s age at the start of the admission).

We test a range of shift magnitudes to simulate dif-

ferent real-world scenarios:

e Binary Shifts: For each binary feature, we induce
three distinct shifts in prevalence (pa — pg):
— A large, eminent change (0.9 — 0.1): verifies

recovery of clear prevalence differences.

— A more difficult, realistic, and subtle change
(0.6 — 0.4): probes sensitivity under low signal.

— The disappearance of a feature (0.3 — 0.0): tests
robustness when explicit evidence is absent in
one cohort.

e Continuous Shifts: Shifts are induced using our
rank-based sampling procedure with four different
temperature settings: 7' € {0.8,1,3,5}. We report
empirical divergence measured in Mean Maximum
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Discrepancy scores at each temperature and dis-

cuss observed separability in Appendix A.4.
For each combination of feature, shift magnitude, and
method, we conduct 20 trials. In each trial, we sam-
ple datasets D 4 and Dp of 500 notes each. We then
use each method to select £ = 5 representative notes
(or rationales) from each dataset to generate an ex-
planation, which is then evaluated by our two evalua-
tion methods. For the second evaluation on the expla-
nation’s discriminative power, we sample 20 held-out
notes in total for each trial.

Implementation Details. For the rationale-based
method, the loss weights are set to o = 0.001 and
B8 = 0.001. At inference time, we extract ratio-
nales by selecting the top p = 20% of tokens with
the highest selector probabilities. We freeze the pre-
trained Gatrotron model and finetune only the last
four layers as well as the selector and predictor mod-
ule. We evaluate two variants of this method: Ra-
tionale (Snippets), which uses only the selected to-
kens, and Rationale (Context), which includes a 20-
token window before and after each snippet. In all
experiments, explanations are generated by a Gemini
model (Gemini-2.0-Flash-001) accessed via Vertex Al
(usage path compliant with PhysioNet data policies);
prompt templates are detailed in Appendix E.

6.2. Methods and Baselines

We evaluate four SIReNs methods (Difference of

Means, Linear Probing, Rationale (Snippets), and

Rationale (Context)) along with two additional base-

lines:

e Ground Truth: An upper-bound where the true
shifted attribute is provided to LLM as explanation
(e.g., “Dataset 1 has more instances of in-hospital
mortality than dataset 2”).

e Random Selection: A lower-bound baseline
where the k£ = 5 notes are randomly selected from
each dataset.

6.3. Results and Analysis

Tables 2 and 3 report per-feature performance av-
eraged over shift magnitudes. Figure 5 compares
the same methods on binary features under differ-
ent shift magnitudes. More detailed results appear
in Appendix A.1. All STReNs methods substantially
outperform Random on both evaluation methods, in-
dicating the importance of a strong selection mecha-
nism for surfacing informative evidence. Difference-

of-means was generally the most consistent, except
for Age, a hyper-localized feature, for which ratio-
nale methods perform the best. Generally, the snip-
pets derived from rationale selector methods are in-
sufficient alone, but can be much stronger when ad-
ditional context is provided. We do note that Eval-
uation Methods 1 and 2 are highly correlated, but
do not necessarily always provide the same ranking
across methods. An additional ablation on the num-
ber of representative notes (k € {3,5,10}) is provided
in Appendix A.3, showing minimal sensitivity to k
across methods.

Binary Shifts Across the three binary attributes,
SIReNs achieves consistently high rubric scores (Ta-
ble 2), indicating that the generated explanation cap-
tures the intended semantics. For Death and Pal-
liative care, strong lexical cues (e.g., “death”, “can-
cer”, “end-of-life care”) yield near-oracle accuracies
for the discriminative power. However, Procedure
behaves differently. Although rubric scores generally
exceed 2.7, accuracies stagnate around 0.65, even for
the Ground Truth oracle. To disentangle selection
from explanation, we report selector correctness (top-
/bottom-k purity): of the k notes flagged as most in-
dicative of D4, how many truly come from D4 (and
analogously for Dg). Purity is high (~ 4.3-5.0 of
5, as shown in Appx. A.2), indicating that while the
selection of note is mostly correct, Procedure’s lower
accuracy may stem from weaker /indirect cues in BHC
notes.

Figure 5 illustrates the impact of shift magni-
tude: all methods exhibit their sharpest degradation
at the subtle prevalence change (0.6 — 0.4). The
Difference-of-Means variant is the most stable across
magnitudes, whereas others show larger variance.

Continuous Shifts Continuous shifts are harder
for SIReNs than binary ones, with uniformly lower
rubric scores and accuracies (Tables 2-3). All meth-
ods remain tightly clustered and well below the
ground truth oracle, suggesting a shared ceiling
rather than isolated model weakness. This pattern
implies that lexical or conceptual traces of gradual
intensity changes are diffuse and easily drowned out,
limiting any selector’s ability to surface high-signal
cues. On the rubric benchmark, mean-diff continues
to excel, while on the accuracy benchmark, rationale-
based methods and linear probing perform compara-
bly. Overall, the continuous setting exposes a clear
ceiling for current STReNs methods and motivates the
need for additional method development to aggregate
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Evaluation Method 2 on Binary Features:
Accuracy with 95% Confidence Intervals

0.90

Accuracy (95% Cl)

e
]
o

~$~ Linear Probing
~4— Ground Truth

—k Mean-Diff

—#i- Rationale (Snippet)
~&— Rationale (Context)

0.65

0.60
(0.9-0.1) (0.3-0.0)

Prevalence Setting (p1 - p2)

(0.6-0.4)

Figure 5: Discriminative accuracy across different
shift magnitudes for binary features.

many weak, spatially and semantically dispersed in-
dicators of shift.

7. Conclusion

In this paper, we formalize and benchmark the task of
explaining dataset shift in clinical notes by releasing a
benchmarking software suite that induces controlled,
feature-based shifts in MIMIC-IV alongside ground
truth explanations. We introduce SIReNs, which re-
trieve representative notes from the two datasets and
prompt an LLM to explain the underlying shift. Em-
pirical results using two different facets of evaluation
show that SIReNs variants can successfully provide
cogent explanations; the best variant for shift identi-
fication can depend on the localization of the underly-
ing shift, but suggests it may be useful to try multiple
methods, as the true shift will be unknown. Methods
do struggle more on subtler continuous shifts, under-
scoring the need for techniques that pool distributed
weak signals.

Future Work There are clear next steps to extend
our foray into interpreting text shift, in addition to
improving continuous shift identification. First, our
benchmark suite was built to be extensible, enabling
the simple creation of arbitrary additional shifts for
further exploration on a wider set of features. Second,
exploration into multi-factorial shifts is key. We hy-
pothesize rationale-based methods may help isolate
the effect of multiple via iterative masking. In ad-
dition, all analyses use single-site MIMIC-IV BHC

notes. Therefore, extending to cross-institutional
datasets and broader sections is an important next
step. Finally, given our promising initial results, fur-
ther work should be conducted on using our software
to find real-world shifts in clinical notes, as they may
have implications for model performance, including a
user study evaluating whether the explanations mea-
surably improve monitoring and mitigation decisions.
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‘ Mean-Diff Linear Probing Rationale(Snippet) Rationale(Context) Random Ground Truth
Binary variable shift (prevalence change p; — p»)

Death (0.9 — 0.1) 2.65 + 0.109 2.354+0.109 2.10 + 0.069 2.35 £ 0.109 1.70 £ 0.300 3.00 £ 0.00
Death (0.6 — 0.4) 2.551+0.114 2.15+0.150 2.10+0.191 2.45+0.170 1.95+0.276 3.00 £ 0.00
Death (0.3 — 0.0) 2.65 +0.109 2.50+0.115 2.15 4 0.082 2.30 £0.105 1.85 £0.196 3.00 £ 0.00
Procedure (0.9 — 0.1) | 2.85+0.082 3.00 £ 0.000 2.95 4+ 0.050 2.65+0.109 1.84 4 0.308 3.00 £ 0.00
Procedure (0.6 — 0.4) | 2.80 4 0.092 2.20 +0.304 2.35 £ 0.350 2.81+£0.101 2.25+0.323 3.00 £ 0.00
Procedure (0.3 — 0.0) | 2.65+0.109 2.95 4+ 0.050 2.90 + 0.069 2.75 £ 0.099 2.05+£0.223 3.00 £ 0.00
Palliative (0.9 — 0.1) | 2.85 %+ 0.082 2.85 4 0.082 2.85 4 0.082 2.80 £ 0.092 2.50 £0.323 3.00 & 0.00
Palliative (0.6 — 0.4) 2.70 £0.105 2.90 £ 0.069 2.00 +0.281 2.45+0.211 2.5540.312 3.00 £ 0.00
Palliative (0.3 — 0.0) | 2.85 4 0.082 2.85 4 0.082 2.75 £ 0.099 2.55 £0.170 2.30 £+ 0.164 3.00 £ 0.00
Continuous variable shift (temperature 7T')
Length of Stay (0.8) 2.10 +0.143 1.70 + 0.164 1.05 £+ 0.235 1.65 £0.196 2.00 +£ 0.000 3.00 &+ 0.00
Length of Stay (1) 2.00 £+ 0.000 1.85 £ 0.150 0.60 +0.210 1.40 £0.210 1.90 £ 0.100 3.00 £ 0.00
Length of Stay (3) 2.10 £ 0.069 1.85 4 0.150 0.90 +0.228 1.70 £ 0.300 1.80 £ 0.138 3.00 £ 0.00
Length of Stay (5) 2.15 4+ 0.082 1.70 £ 0.272 1.60 £ 0.184 1.85 £0.150 1.70 £0.219 3.00 + 0.00
Diagnosis Count (0.8) 1.90 £ 0.100 1.80 £ 0.138 1.50 £ 0.199 2.00 £ 0.000 2.00 &+ 0.000 3.00 &+ 0.00
Diagnosis Count (1) 2.00 % 0.000 1.90 +0.100 1.00 £ 0.229 1.70 £ 0.164 2.00 £ 0.000 3.00 £ 0.00
Diagnosis Count (3) 2.00 £ 0.000 1.90 4+ 0.100 1.30 +0.219 1.90 £ 0.100 1.90 4 0.100 3.00 &+ 0.00
Diagnosis Count (5) 2.00 £ 0.000 1.90 £+ 0.100 1.68 £0.172 1.80 £0.138 1.90 £0.100 3.00 &+ 0.00
Start Age (0.8) 1.65 £ 0.196 1.50 £ 0.199 0.20+0.138 0.84£0.233 1.30 £0.219 3.00 &+ 0.00
Start Age (1) 1.80 £0.138 1.20 +0.225 0.80 +0.225 1.40 £0.210 1.70 £0.164 3.00 & 0.00
Start Age (3) 1.90 £ 0.100 1.35+0.233 1.00 £+ 0.229 1.80 £0.138 1.60 £0.184 3.00 &+ 0.00
Start Age (5) 1.50 £0.199 1.65 + 0.209 1.47 +0.208 1.50 £0.199 1.26 £0.227 3.00 + 0.00

Table 4: (Evaluation Method 1 in Section 4) Mean rubric score £ standard error for each method. The upper
block shows binary-variable shifts (prevalence difference p; — p3) and the lower block shows continuous-
variable shifts (temperature T'). Best score is in bold and second-best is underlined (ground-truth score
ignored); higher is better.

| Mean-Diff Linear Probing Rationale(Snippet) Rationale(Context) Random Ground Truth
Binary variable shift (prevalence change p; — p»)

Death (0.9 — 0.1) 0.970 £+ 0.010 0.940 £ 0.017 0.945 £ 0.016 0.948 £ 0.013 0.557 £ 0.090 0.968 £ 0.004
Death (0.6 — 0.4) 0.945 + 0.014 0.880 £ 0.035 0.870 £ 0.036 0.902 £ 0.036 0.580 = 0.088 0.968 £ 0.004
Death (0.3 — 0.0) 0.943 £ 0.017 0.957 + 0.011 0.912 £ 0.029 0.945 £ 0.011 0.545 £ 0.074 0.973 £ 0.004
Procedure (0.9 — 0.1) | 0.685 4 0.020 0.655 £ 0.025 0.682 £ 0.022 0.645 £ 0.028 0.524 £ 0.034 0.691 £ 0.015
Procedure (0.6 — 0.4) | 0.610 £ 0.020 0.590 + 0.028 0.585 £ 0.025 0.616 + 0.020 0.487 + 0.031 0.665 £ 0.013
Procedure (0.3 — 0.0) | 0.682 4 0.026 0.640 + 0.024 0.620 £ 0.022 0.602 + 0.024 0.492 4+ 0.032 0.683 £0.013
Palliative (0.9 — 0.1) 0.870 £ 0.022 0.885 4+ 0.014 0.915 + 0.016 0.905 +0.014 0.470 +0.075 0.925 £ 0.005
Palliative (0.6 — 0.4) | 0.883 +0.018 0.797 £ 0.035 0.755 £ 0.043 0.833 £ 0.034 0.478 £ 0.084 0.918 £ 0.007
Palliative (0.3 — 0.0) 0.878 £ 0.020 0.905 + 0.016 0.887 £ 0.030 0.885 £ 0.029 0.417 £ 0.058 0.924 £ 0.007
Continuous variable shift (temperature T')
Length of Stay (0.8) 0.555 £ 0.031 0.565 + 0.035 0.539 £ 0.022 0.538 £ 0.022 0.512 4+ 0.041 0.821 £ 0.009
Length of Stay (1) 0.565 £ 0.027 0.535 £ 0.040 0.523 £0.031 0.523 £ 0.039 0.478 £ 0.029 0.824 £ 0.009
Length of Stay (3) 0.615 £ 0.041 0.625 + 0.030 0.490 £ 0.026 0.530 £ 0.031 0.510 £ 0.023 0.831 £ 0.007
Length of Stay (5) 0.667 + 0.027 0.588 + 0.036 0.625 £ 0.030 0.665 + 0.022 0.555 + 0.041 0.828 £ 0.009
Diagnosis Count (0.8) | 0.555 £ 0.043 0.543 £ 0.029 0.573 £ 0.026 0.590 £ 0.048 0.507 £ 0.055 0.741 £0.011
Diagnosis Count (1) 0.550 £ 0.046 0.585 + 0.041 0.533 £ 0.031 0.575 £ 0.031 0.555 + 0.051 0.747 £ 0.010
Diagnosis Count (3) 0.720 + 0.038 0.633 + 0.045 0.622 £ 0.033 0.647 £ 0.035 0.537 + 0.046 0.767 £ 0.011
Diagnosis Count (5) 0.753 + 0.022 0.747 4+ 0.025 0.718 £ 0.030 0.743 £ 0.027 0.580 % 0.053 0.763 £0.011
Start Age (0.8) 0.518 £ 0.032 0.510 £ 0.025 0.522 + 0.026 0.563 + 0.022 0.508 + 0.036 0.718 £ 0.010
Start Age (1) 0.502 £ 0.033 0.470 £ 0.029 0.537 £ 0.025 0.542 + 0.022 0.518 +0.032 0.722 £0.012
Start Age (3) 0.562 £ 0.024 0.508 £ 0.028 0.578 £ 0.031 0.580 + 0.033 0.543 +0.037 0.735+0.011
Start Age (5) 0.573 £0.025 0.602 £ 0.026 0.618 £ 0.024 0.635 + 0.023 0.571 £0.028 0.741 £0.012

Table 5: (Evaluation Method 2 in Section 4) Mean accuracy score £ standard error for each method.
The upper block shows binary-variable shifts (prevalence difference p; — p2) and the lower block shows
continuous-variable shifts (temperature 7). Best score is in bold and second-best is underlined (ground-
truth score ignored); higher is better.
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Appendix A. Additional Experiment Results
A.1. Full Experimental Results

Here we provide the comprehensive results of our benchmarking experiments, serving as a detailed reference
that supports the summarized findings presented in the main paper (Section 6). The tables and figures below
contain the full breakdown of performance for each method across all tested features and shift magnitudes.

Table 4 presents the mean rubric scores and standard errors for each method on both binary and continuous
variable shifts. Table 5 shows the corresponding mean classification accuracies and standard errors, which
evaluate the discriminative power of the generated explanations.

Additionally, we include figures that visually represent these results. While Figure 5 in Section 6 already
illustrates the performance of each method on the discriminative accuracy, Figure 6 further demonstrates the
performance of each method on rubric scores across different shift magnitudes for binary features. Similar
to the accuracy scores, under the setting with the most subtle shift, the methods perform worse. These
detailed results provide a complete picture of our experimental outcomes and allow for a thorough analysis
of each method’s strengths and weaknesses under various conditions.

Evaluation Method 1 on Binary Features:
Benchmark with 95% Confidence Intervals

3.0

2.8

2.6

N
I

N
)

Benchmark (95% CI)

N
o

18 =§~ Linear Probing
—k= Mean-Diff
i+ Rationale (Snippet)
16 —$— Rationale (Context)

(0.9-0.1) (0.3-0.0) (0.6-0.4)
Prevalence Setting (p1 - p2)

Figure 6: Method Performance on rubric scores across different shift magnitudes for binary features.

A.2. Selector Correctness

For binary features with k=5 representatives per side, we report selector correctness (also called purity) for:
(i) top-k purity = the number of the k notes selected as most indicative of D4 that truly come from D y4; (ii)
bottom-k purity = the number of the k notes selected as most indicative of Dg that truly come from Dp.
The ideal value is 5/5. We report mean+SE across seeds.

Purity is consistently high (~ 4.3-5.0/5) for death and palliative, and remains high for procedure. Together
with Table 3, this indicates that lower oracle accuracy for procedure reflects weaker or indirect mentions in
BHC, not selection failure. We do note that an example may be correct, without necessarily being the
clearest exemplar.

For procedure, the gap to oracle despite high purity likely reflects weaker surface evidence in BHC: pro-
cedure information is often indirect (peri-procedural course, templated phrases) and heterogeneous, and
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Feature Linear Probing Mean-Diff Random Rationale (Context) Rationale (Snippet)
death 4.533 £0.115 / 4.717+£0.079  5.000 + 0.000 / 5.000 £ 0.000  1.817 £ 0.167 / 3.067 £ 0.181  4.817 +£0.102 / 4.933 £0.052  4.817 4+ 0.102 / 4.933 £ 0.052

procedure  4.383 £0.098 / 4.467 +£0.110  4.367 +0.109 / 4.450 £0.110  2.153 £0.182 / 3.254 £ 0.138  4.518 £ 0.108 / 4.536 £0.132 4.517 £0.102 / 4.517 +£0.125
palliative ~ 4.300 £ 0.107 / 4.767 £ 0.069 4.517 +0.118 / 4.917 £0.043 1.833 £0.158 / 2.917 +0.198  4.400 + 0.147 / 4.933 £0.040  4.400 £ 0.147 / 4.933 + 0.040

Table 6: Selector correctness (top-k / bottom-k; k=5; mean+SE) on binary features.

admissions may involve multiple procedures, diluting explicit cues. Hence, the lower discriminative power
stems from textual signaling rather than selection failure.

A.3. Number of representative notes k

We varied k € {3,5,10} on Palliative care and Procedure and observed minimal sensitivity across methods in
the discriminative-power evaluation (Evaluation 2). Performance fluctuates only slightly across k, suggesting
robustness to the choice of k. In practice, k is bounded by the LLM context window; we use k=5 as a
token/compute trade-off.

Feature k& Ground Truth Linear Probing Mean-Diff Random Rationale (Context) Rationale (Snippets)

Palliative 3 0.918+0.004 0.868+0.017 0.869£0.012  0.501£0.040 0.866+£0.015 0.849+£0.020
Palliative 5 0.922+0.004 0.863£0.015 0.877£0.011  0.455+0.042 0.874+0.016 0.852+0.020
Palliative 10 0.91740.004 0.893+0.014 0.863£0.012  0.459£0.043 0.865+0.017 0.860+£0.018
Procedure 3 0.598+0.008 0.554+£0.015 0.606+0.013  0.458+0.016 0.551£0.015 0.583+£0.015
Procedure 5 0.601£0.008 0.569+0.014 0.612+0.011  0.496+0.015 0.577+0.014 0.559+£0.015
Procedure 10 0.599+0.008 0.575£0.012 0.613£0.013  0.486+0.016 0.571£0.014 0.557£0.015

Table 7: Ablation on the number of representative notes k (Evaluation 2 accuracy).

A.4. Temperature parameter and induced divergence

For continuous features, T' controls how aggressively we bias sampling of D4 toward high-rank (large-F')
notes. Lower T increases this bias. Because we sample without replacement and then draw Dpg from the
remaining pool, the head is depleted for Dp, so overlap between D4 and Dpg does not vary monotonically
with 7. Consequently, performance is not strictly inverse in T'; it follows the realized separation. To report
the actual shift achieved at each T, we include Maximum Mean Discrepancy (MMD) values in Table 8.
Within a feature, larger MMD mostly indicates more separation (e.g., for Length of Stay and Diagnosis
Count, T'=5 yields the largest MMD).

Feature T=0.1 T=0.8 T=1.0 T=30 T=5.0 T =10.0

Length of Stay 0.001571% 0.000245  0.001668 £ 0.000294  0.001516 £ 0.000176  0.001648 £ 0.000230 0.002143 £ 0.000420  0.002504 £ 0.000572
Diagnosis Count  0.001581 4 0.000277  0.001587 4 0.000258  0.001600 4 0.000212  0.001865 4 0.000410 0.001962 4 0.000312 0.003021 £ 0.000814
Start Age 0.001500 £ 0.000197  0.001636 £ 0.000350  0.001734 £ 0.000396 0.001692 £ 0.000289 0.001869 £ 0.000384  0.002171% 0.000582

Table 8: Realized separation between D4 and Dp for continuous features, measured by MMD (mean =+ std
over 20 seeds). Larger is more separation.

Appendix B. Proof of Real-World Dataset Shift

We analyzed the temporal evolution of Brief Hospital Course (BHC) notes in MIMIC-IV from 2008 to 2020
to demonstrate the non-stationarity of clinical documentation. Figure 7 reveals two significant trends:
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Figure 7: Temporal shift in Brief Hospital Course (BHC) notes from 2008 to 2020. The average note length
rose sharply, and the prevalence of a structured “Issues” section grew from under 1% to over 50%.

Quantitative Changes Between 2008 and 2020, mean BHC note length increased by 34% (310 to 417
words), corresponding to a 0.72 standard deviation shift. This expansion co-occurred with pronounced
structural change in template shown in the left panel in Figure 7: the structured “Issues” section was
present in less than 1% of notes in 2008 but in more than 50% by 2020. These patterns indicate that the
observed lengthening reflects not solely elaborated narrative content but also progressive standardization of
documentation structure.

Compositional Changes This growth in length is not arbitrary but is largely attributable to a structural
change in documentation practices, namely the adoption of new, standardized note templates. The right
panel of Figure 7 details the emergence and proliferation of the ”Issues” section, a structured component
for documenting patient problems. These sections, which were virtually absent (prevalence | 1%) in 2008,
became a standard feature, appearing in over 50% of BHC notes by 2020. The most common of these are
”Transitional Issues” and ” Chronic Issues,” which provide clearly delineated summaries of patient conditions
for easier review by clinicians.

This evolution from free-form to structured documentation exemplifies the distribution shifts that clini-
cal NLP models might encounter and where explanations for the shift would be helpful for adaptation to
downstream tasks.

Semantic Shift in Depression Cohort To quantify the visual pattern from Fig. 2, we compute Maximum
Mean Discrepancy (MMD) on mean-pooled GatorTron embeddings across four cohorts: ICD-9 depression,
ICD-10 depression, random ICD-9, and random ICD-10. As shown in Table 9, ICD-9 depression exhibits the
largest separation from every other group. By contrast, ICD-10 depression is very close to random ICD-10,
indicating that the ICD-10 cohort resembles contemporaneous notes overall. The non-zero random ICD-9
vs. random ICD-10 baseline reflects generic temporal drift, but the larger ICD-9-depression gaps show a
diagnosis-specific shift beyond time alone. Together with Fig. 2, this supports the interpretation that ICD-9
depression notes concentrate on depression-centric admissions, while ICD-10 depression more often appears
incidentally across diverse complaints.

Group 1 Group 2 Raw MMD
Depression ICD9 Depression ICD10 0.0327
Depression ICD9 Random ICD9 0.0302
Depression ICD9 Random ICD10 0.0367
Depression ICD10  Random ICD9 0.0115
Depression ICD10  Random ICD10 0.0030
Random ICD9 Random ICD10 0.0109

Table 9: MMD between depression and random cohorts across ICD coding.
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Appendix C. Interpreting the Semantic Shift in the Depression Cohort with
SIReNs

In Section 3.2, we demonstrated a semantic shift between clinical notes from the ICD-9 and ICD-10 depression

cohorts. While a PCA visualization confirmed a difference in the embedding space, it did not explain

the nature of the shift. Here, we apply our SIReNs method to interpret this real-world change. For this

experiment, we sampled two datasets of 500 notes each from the ICD-9 and ICD-10 cohorts, selecting 10

representative notes from each to generate an explanation.

e Difference of Means: “Dataset 1 focuses on psychiatric and substance use issues, including medication
adjustments and psychosocial interventions. Dataset 2 emphasizes surgical procedures and post-operative
recovery, mentioning pain management and discharge planning.”

e Linear Probing: “Dataset 1 predominantly features psychiatric conditions and substance use, while
Dataset 2 primarily focuses on chronic medical illnesses and end-of-life care.”

e Random: “Dataset 1 shows a higher prevalence of mental health and neurological issues, while Dataset
2 has more cases related to surgical aftercare and chronic medical conditions.”

While each method has its own subtle phrasing, all three SIReNs approaches consistently identify the
same core shift: the ICD-9 depression notes (Dataset 1) are more centered on psychiatric care and mental
health issues, while the ICD-10 notes (Dataset 2) are more focused on surgical procedures and general
medical conditions. This corroborating evidence from different selection methods increases confidence in the
explanation and mitigates the risk of artifacts.

This observed shift aligns with broader trends in mental health documentation and clinical practices. Mo-
jtabai et al. reported an increase in major depressive episode prevalence since 2005, particularly among young
adults and adolescents. Hasin et al. partly attributes this to differential diagnostic standards introduced
by the Diagnostic and Statistical Manual of Mental Disorders (DSM-5), released in 2013, approximately 1.5
years before the ICD shift. While our findings do not confirm whether changes in diagnostic conditions or
a broader mandate to diagnose mental health conditions are solely responsible for the increased prevalence
of major depressive disorder, they do show that within our evaluated dataset, post-ICD-10 hospital admis-
sions with depression diagnoses were less likely to describe severe psychiatric conditions than pre-ICD-10
admissions with such diagnoses.

Appendix D. Implementation Details and Computational Resource Use

In order to ensure reproducibility, we disclose the exact number of trials that we ran for our benchmarking
pipeline, as well as the cost in GPU-hours and Vertex API calls that would be required to replicate it.

In our benchmarking procedure, we ran a total of 2,100 trials, each independently using one NVIDIA
A6000 GPU for an average of 16.55 seconds, for a total of 13.24 GPU hours. The bulk of our GPU usage
was for training and inference on Gatortron. The model has 345 million parameters; for the rationale-based
methods, we fine-tuned the last four layers of the Gatortron model.

Each individual trial required three different calls to the Vertex API platform: one for obtaining an
explanation, and one for performing each of the two benchmarks. This resulted in a total of 6,300 API calls.

Appendix E. Example Prompts and Completions

Prompts for generating shift explanation using representative notes Here is the prompt for LLM
to generate a shift explanation between the two datasets mentioned in Section 5:

You are a hospital administrator seeking to understand the distributional difference between two
datasets of hospital stays, based on discharge summaries of each. Describe the difference between the
two datasets in [max tokens| words or less: Here is dataset 1: [...] Here is dataset 2: [...].
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Prompts for Obtaining Rubric Scores Here is an example of how an external LLM grades an expla-
nation to obtain the rubric score as introduced in Section 4.2.

USER: You are asked to grade the following response with the given criteria. In this example, the
underlying shift is in in-hospital mortality (Death).

e +3: Explicitly mentions in-hospital mortality, and says that it is more likely in dataset 1.

e +2: Doesn’t explicitly mention in-hospital mortality, but mentions related characteristics,
and says they are more likely in dataset 1.

e +1: Suggests there is a difference between the datasets, but doesn’t make an effort to explain it.
e +0: Mentions a difference completely unrelated to in-hospital mortality.
e -1: Fails to present a difference between datasets, or says they are the same.

e -2: Mentions a characteristic related to in-hospital mortality, but say it is more common in
dataset 2.

e -3: Mentions in-hospital mortality, but says it is more common in dataset 2.

Provide grade in a single number, with no explanation.
Response: Dataset 1 describes patient deaths with multi-system failure and end-of-life
care. Dataset 2 focuses on resolving acute conditions and discharge planning.

LLM OUTPUT: +2.

Here are some other examples of explanations generated for this feature (under different shift magnitudes
but they share the same rubric standards), and their accompanying rubric scores graded:

e Random: “Dataset 1 describes hospital stays with a focus on active management of chronic conditions

and acute illnesses. The cases involve complex patients with multiple comorbidities, often requiring
ongoing treatment and follow-up. There’s an emphasis on diagnostic workups, medication adjustments,
and planning for transitional care, including specialist referrals and further investigations. Dataset
2, in contrast, presents cases with more acute, often terminal, events. There’s a higher incidence
of neurological emergencies, cardiac arrests, and advanced metastatic cancer leading to comfort care
and death in the hospital. While chronic conditions are present, the focus shifts to managing acute
decompensation and end-of-life care, with less emphasis on long-term management and outpatient follow-

up.” (-3).

Rationale(Snippet): “Dataset 1 primarily describes patients presenting with stroke, evidenced by
terms like ‘ischemic stroke,” ‘tPA,” ‘MCA infarct,” ‘aphasia,” and ‘hemiparesis.” The notes detail stroke
characteristics, treatment (TPA, thrombectomy), affected brain regions, and risk factors. Dataset 2
focuses on patients with cardiac issues, including ‘unstable angina,’” ‘chest pain,’ ‘coronary artery disease,’
‘EKG changes,” ‘troponin,’ and ‘NSTMI.” The notes discuss diagnostic findings (EKG, cardiac enzymes),
potential causes (anxiety, GERD), and interventions (stents, CABG).summary, Dataset 1 centers on
cerebrovascular events (strokes), while Dataset 2 revolves around cardiovascular problems, particularly
ischemic heart disease.” (0)

Linear Probing: “Dataset 1 describes hospital stays primarily ending in patient death, often following
critical events like cardiac arrest, respiratory failure, or complications from severe underlying conditions
such as metastatic cancer or pancreatitis. The summaries detail aggressive resuscitative efforts, multiple
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organ dysfunction, and eventual transition to comfort measures.Dataset 2 describes hospital stays with
more positive outcomes, focusing on post-operative care, resolution of acute issues like hyponatremia or
melena, and management of chronic conditions. Discharges are often to rehab facilities or with follow-up
appointments, indicating a focus on recovery and continued care outside the hospital.” (+3)

Rationale(Snippet): “Dataset 1 overwhelmingly describes patients receiving comfort measures only
(CMO) and dying in the hospital. Key phrases include ‘DNR/DNI,” ‘comfort measures only,” ‘expired
peacefully,” ‘withdrawal of pressors,” and ‘poor prognosis.” The notes focus on end-of-life care deci-
sions and the patient’s final moments.2, in contrast, describes patients undergoing active treatment and
diagnostic procedures. Notes mention specific interventions like ‘pacer wire,” ‘sphincterotomy,” ‘chole-
cystectomy,” ‘burr hole,” ‘subdural drain,” and ‘endoscopic harvesting.” The focus is on identifying the
cause of the patient’s condition and implementing treatments to improve their health. There is no
mention of end-of-life care.” (43)

Rationale(Context): “Dataset 1 describes hospital stays primarily ending in patient death, often
following decisions to make the patient comfort measures only (CMO) or do-not-resuscitate/intubate
(DNR/DNI). The notes detail severe conditions like septic shock, pontine hemorrhage, and unrecover-
able metabolic acidosis, with interventions often deemed futile. Dataset 2, in contrast, describes hospital
stays related to gynecological procedures and conditions. The notes focus on post-operative recovery,
pain management, antibiotic treatment for infections like pyosalpinx and endometritis, and success-
ful discharge home. The overall tone is positive, emphasizing uncomplicated procedures and patient
improvement.” (+3)

Prompts for Obtaining Accuracy Scores Here is an example of how an external LLM grades an expla-
nation to obtain the accuracy score used to evaluate the explanation’s discriminative power, as introduced
in Section 4.2.

~

USER: Based on the following distinction: {actual generated shift explanation}, respond with the
notes most likely to be in dataset 1. Format as a list with no explanation: e.g. [1,3,5,8,9,10,..]:
Note 1: {Actual note 1}
Note 2: {Actual note 2}
. (omitted here due to length consideration)
Note 20: {Actual note 20}

Appendix F. Failure Examples

This appendix provides concrete examples of suboptimal explanations generated by the SIReNs methods
to illustrate their respective failure modes. Here, we use the Procedure feature under the 0.6 — 0.4 shift
magnitude, as it has the poorest performance in the of discriminative accuracy.

e Difference of Means: “Dataset 1 primarily describes post-operative care and recovery from acute

injuries. The notes focus on surgical procedures, pain management, mobilization, and discharge plan-
ning, often involving specific surgical interventions and monitoring of physiological parameters. The
patients generally progress towards functional recovery and are discharged with specific instructions
and follow-up.2, in contrast, focuses on the management of complex medical conditions and psychiatric
issues. The notes detail diagnostic workups, medication adjustments, and management of chronic condi-
tions like cirrhosis, diabetes, and mental health disorders. There’s a greater emphasis on identifying the
underlying causes of symptoms, coordinating care with multiple specialists, and addressing psychosocial
factors. The patients often have multiple comorbidities and require ongoing management and follow-up
for complex medical and psychiatric needs.”
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e Linear Probing: “Dataset 1 appears to represent a broader range of medical specialties and patient
conditions, including cardiology (TAVR, CAD), neurosurgery (SDH evacuation), trauma (renal lacera-
tion), and general medicine (hyperlipidemia, hypertension). The notes detail specific procedures, medi-
cation adjustments, and follow-up plans across these specialties.2 seems more focused on psychiatric and
gynecological /urological cases. It includes detailed psychiatric assessments (borderline personality dis-
order, paranoia, substance abuse), surgical gynecology (hysterectomy, lymphadenectomy), and urology
(ureteral stone extraction). The notes emphasize mental health treatment plans, surgical procedures,
and post-operative recovery.summary, Dataset 1 is more diverse in medical specialties, while Dataset 2
is concentrated on psychiatric, gynecological, and urological conditions.”

e Rationale(Snippet): “Dataset 1 primarily describes patients undergoing surgical procedures. The
notes detail pre-operative conditions (e.g., skull fracture, pancreatic mass), the procedures themselves
(e.g., aortic valve replacement, neck dissection), and post-operative care (e.g., extubation, pain man-
agement, drain placement). The focus is on physical ailments and surgical interventions.2, in contrast,
focuses on patients with psychiatric conditions. The notes describe symptoms of psychosis, mood dis-
orders, substance use, suicidal ideation, and homicidal ideation. Treatment plans involve antipsychotic
medications (e.g., olanzapine, risperidone) and therapeutic interventions. The emphasis is on mental
health diagnoses and management.”

e Rationale(Context): “Dataset 1 primarily contains discharge summaries related to surgical and
trauma cases. Common themes include post-operative recovery from procedures like CABG, valve
replacements, and cancer resections, as well as management of traumatic injuries like SDH and skull
fractures. The summaries detail surgical interventions, medication management, and progress in phys-
ical therapy.2 focuses on psychiatric admissions and management of chronic conditions. Summaries
describe patients with diagnoses like schizophrenia, bipolar disorder, and substance use disorders. The
notes detail mental status exams, medication adjustments (antipsychotics, mood stabilizers), and man-
agement of behavioral issues. There is also a note about atrial fibrillation management and another
about diabetes and chronic diarrhea.”

In these examples, the representative notes generated all referred to surgical procedures, but the LLM was
overly specific in describing the differences, making them less useful as a discriminative explanation for the
sources.

Appendix G. Theoretical Justification for Difference of Means

Suppose the underlying concept is v € {0,1}*, where K >> D, and each v; is independently distributed
from concept probability p; € [0,1]. Further suppose the transformer embedding of a document e € R
with underlying concept v comes from the product e = Mwv, with M € D x K. Then, if the transformer
embeddings in dataset D and Dy come from underlying concept probability vectors p, g, where p and ¢
differ only in dimension ¢, then the average difference between the datasets will be along the ith column of
M, or m;.

The matrix M is unseen, and therefore so is the column vector m;. However, if we multiply m; with a
transformer embedding €’ = Mwv’, the result is the product

T, — 0T 1 _ D
m, e =m; Mv' =3

L .
i j=1 Vi M

In the setting where the column vectors m; are mutually near-orthogonal, vimiTmi comes to dominate this

term. The expression denotes how much the concept i is expressed times a norm of the expression vector,
which may not necessarily be 1.
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