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Abstract
Background  Clinical natural language processing (NLP) models are widely used to extract information from 
electronic health records (EHR) and support healthcare decision-making. However, most existing models are 
evaluated under the assumption of static data distributions and fixed task definitions, overlooking the dynamic and 
evolving nature of real clinical environments. Distributional changes arising from updated guidelines, emerging 
diseases, or institutional restructuring can lead to substantial model degradation in practice.

Methods  We introduce Clinical-ShiftEval, a framework designed to simulate and evaluate model adaptation in 
dynamic clinical NLP tasks using real-world clinical text data. Our framework parameterizes two prevalent types of 
evolution observed in healthcare: (1) label-set incompatibility (LSI), where the set of prediction targets changes over 
time, and (2) task definition evolution (TDE), where the clinical meaning or labeling rule is revised. These changes 
are operationalized through controlled transitions between two periods in real datasets. As a case study, we applied 
Clinical-ShiftEval to the Chilean Waiting List Corpus, using referral specialty classification to model LSI and disease 
prioritization to model TDE, and systematically compared continual training, in-context learning with large language 
models, and a hybrid approach.

Results  We validated that Clinical-ShiftEval reliably simulates realistic levels of clinical change and produces 
controlled, interpretable performance drops. This confirms its utility as a framework to generate reproducible 
scenarios for benchmarking model robustness. As a case study, we compared multiple model adaptation strategies 
under LSI and TDE. Conventional supervised models showed severe degradation under these shifts (up to a drop of 
82% F1 in LSI and 43% in TDE). In contrast, in-context learning reduced the drop to 35% in LSI and 10% in TDE, while 
a hybrid method further improved robustness, limiting the drop to approximately 8% in both settings. Continual 
adaptation with incremental retraining gradually restored performance, but only surpassed in-context and hybrid 
approaches after incorporating at least 30% of data from the second period.

Conclusions  Clinical-ShiftEval enables robust benchmarking of model adaptation in realistic, dynamic settings using 
authentic EHR text. Both in-context learning and hybrid approaches substantially mitigate the impact of evolving 
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​Introduction
Clinical natural language processing (NLP) has become 
a fundamental component to transform large volumes of 
unstructured text in electronic health records (EHR) into 
actionable clinical insights. Applications such as patient 
prioritization, clinical entity recognition, and automated 
disease coding have demonstrated significant value in 
supporting clinical workflows and decision making [1–3].

Despite these advances, the standard development and 
evaluation paradigm for clinical NLP models typically 
assumes a static data distribution and a fixed task defi-
nition [4–7]. Most models are trained on retrospective 
datasets and evaluated on test samples extracted from 
the same temporal or institutional context, not consider-
ing the range of distributional changes that occur once 
models are deployed in real clinical environments [8–10]. 
This prevalent practice can lead to an overestimation of 
model robustness and generalizability, as it overlooks 
data drift, and the evolving nature of clinical documen-
tation and workflows, factors recognized as risks to the 
reliability of machine learning in medicine [11, 12].

From this perspective, clinical NLP practitioners face 
three major challenges that structure the problem space:

Data scarcity The limited availability of annotated 
clinical text remains one of the main barriers for clinical 
NLP. In our previous work [13], we studied this challenge 
in static settings, showing how different modeling para-
digms behave under restricted data availability.

Data dynamism Beyond scarcity, models deployed 
in healthcare face continuous changes due to evolving 
clinical guidelines, emerging diseases, and institutional 
restructuring. These shifts alter distributions and label 
spaces, often leading to severe model degradation if not 
properly addressed. This paper focuses on this second 
challenge by operationalizing realistic scenarios of data-
set and task evolution.

Paradigm multiplicity Whereas in static settings para-
digm choice can often be guided primarily by the amount 
of labeled data available (as explored in our prior study), 
in dynamic environments the search for an effective par-
adigm is more complex. Models must not only work with 
limited data, but also remain robust as label spaces and 
task definitions evolve.

By structuring the problem with these three challenges, 
we highlight why the dynamic clinical setting is particu-
larly difficult: the combined effect of evolving data and 

competing paradigms makes paradigm selection harder 
than in static scenarios.

The consequences of ignoring these distributional 
changes have been demonstrated: after deployment, 
models often exhibit a marked deterioration in perfor-
mance as clinical practice evolves, new diseases emerge, 
and institutional processes change [4–7]. For example, 
the onset of the COVID-19 pandemic led to the rapid 
introduction of new terminology and clinical concepts, 
quickly making many previously reliable models obsolete 
or inaccurate [14]. Similarly, regulatory updates, changes 
in disease prioritization, or institutional restructuring 
can introduce or eliminate clinical categories, and thus 
target labels, undermining the validity of legacy mod-
els. Organizational changes, such as the creation of new 
specialty services or updated patient flows, further shift 
document patterns and label distributions, often neces-
sitating model adaptation.

These realities expose a limitation of current clinical 
NLP practice: existing models are poorly equipped to 
handle real-world changes in label sets and task defini-
tions, making them fragile in the face of clinical or pol-
icy-driven evolution. Recent studies have highlighted that 
such model inflexibility can compromise generalizabil-
ity [5]. Interest is growing in techniques such as domain 
adaptation and transfer learning, yet there remains a lack 
of systematic tools to simulate and quantitatively evaluate 
these adaptation challenges as they appear in dynamic 
clinical contexts [15, 16].

Building on our previous work [13], where we analyzed 
different modeling paradigms for clinical NLP under con-
ditions of restricted data availability, we now extend this 
line of research to dynamic clinical environments. While 
that earlier study offered recommendations for static 
data-scarcity scenarios, it did not address the challenges 
of distributional change and evolving task definitions that 
appear in practice. Here, we construct on those findings 
by asking how different paradigms perform when data 
itself changes over time.

To bridge this gap, we present Clinical-ShiftEval, a 
systematic framework to simulate and evaluate model 
adaptation in dynamic clinical NLP tasks. In addition 
to introducing the framework, we present a case study 
based on the Chilean Waiting List Corpus, a clinical 
referral dataset written in Spanish. This case study plays 
a central role in our contribution, as it demonstrates the 
framework’s applicability to real EHR text and enables 

clinical data, achieving strong performance even without access to new labeled data. For optimal recovery of baseline 
accuracy, continual training with a moderate amount of new data is most effective, eventually surpassing the other 
methods as more new data become available. These findings provide practical guidance for the deployment of 
resilient NLP models in dynamic healthcare settings.

Keywords  Artificial intelligence, Natural language processing, Concept drift, Concept evolution
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a comparison between different adaptation paradigms, 
including continual training, in-context learning with 
large language models (LLMs), and a hybrid approach. 
A central advantage of Clinical-ShiftEval is that it oper-
ates directly on real-world clinical text data, rather than 
relying on synthetic or artificially generated narratives. 
Thus, all simulations and evaluations reflect the com-
plexity and variability of actual EHRs. More specifically, 
Clinical-ShiftEval is designed to simulate the effects of 
real-world clinical change on model behavior. In the 
framework, label-set incompatibility represents changes 
in active prediction categories that may arise from pro-
cesses such as institutional restructuring or administra-
tive updates, whereas task definition evolution represents 
changes in labeling criteria or clinical priorities, such as 
those introduced by revised guidelines or prioritization 
policies. Furthermore, Clinical-ShiftEval uniquely sup-
ports multiple shift levels, enabling precise, fine-grained 
benchmarks that could mirror both incremental and sud-
den changes. These properties fill a critical methodologi-
cal gap and position Clinical-ShiftEval as a necessary tool 
for robust, actionable clinical NLP research.

Within this framework, we focus on three representa-
tive adaptation paradigms that reflect distinct approaches 
to handling dynamic clinical NLP tasks. Supervised mod-
els with continual training represent the conventional 
strategy, where models are incrementally updated with 
new data to recover performance across periods. In-con-
text learning with LLMs offers an alternative that relies 
on task descriptions and examples provided at inference 
time, making it attractive when little or no new labeled 
data is available. Finally, the hybrid approach combines a 
legacy supervised model trained on earlier data with the 
adaptability of an LLM, leveraging the strengths of both 
paradigms. By comparing these three methods, our study 
not only evaluates Clinical-ShiftEval as a framework, 
but also provides practical insights into the trade-offs 
between retraining, prompt-based adaptation, and inte-
grative hybrid solutions in realistic clinical settings.

Our methodology formalizes and operationalizes two 
common forms of data drift: (1) label-set incompatibility 
(LSI), where the set of prediction targets evolves due to 
new or deprecated clinical categories; and (2) task defini-
tion evolution (TDE), where changes in clinical guidelines 
or priorities modify the mapping from the input data to 
the target labels. By parameterizing these scenarios and 
applying them to real clinical text datasets, we enable rig-
orous benchmarking of model robustness and adaptation 
strategies, including static supervised models, in-context 
learning with LLMs, and hybrid approaches.

Given the current proliferation of modeling paradigms 
and the rapidly evolving NLP technologies in healthcare, 
there is a pressing need for benchmarking platforms that 
enable systematic, realistic, and fair comparison of model 

adaptability. Clinical-ShiftEval addresses this gap, offer-
ing a versatile testbed for evaluating the reliability of 
diverse approaches under the complex and changing con-
ditions currently faced in clinical NLP practice.

Clinical-ShiftEval enables researchers to systematically 
investigate the reliability and adaptability of clinical NLP 
models in dynamic environments. In this work, we focus 
on the following key questions:

 	• How robust are clinical NLP models and adaptation 
strategies to data and task changes typical in 
healthcare settings?

 	• How does the severity and type of distributional 
change affect model performance and adaptation?

 	• What is the relationship between the amount and 
nature of new data and the ability of a model to 
recover its performance after the shift?

 	• Under what conditions do specific adaptation 
strategies provide advantages over others in dynamic 
clinical NLP tasks?

While these represent the central research questions we 
address through our case study on the Chilean Waiting 
List Corpus, we note that Clinical-ShiftEval is a gen-
eral framework that can be used to explore many other 
aspects of distributional robustness and model adapta-
tion across broader clinical NLP scenarios.

Our contribution is twofold. First, we introduce Clin-
ical-ShiftEval, a framework that provides a systematic 
path to understanding the risks associated with the 
deployment of clinical NLP models in dynamic health-
care settings. Clinical-ShiftEval enables researchers and 
practitioners to rigorously assess model reliability, iden-
tify critical points of weakness, and evaluate adaptation 
strategies under controlled and clinically meaningful sce-
narios. Second, we present a case study that applies this 
framework to compare continual training, in-context 
learning, and a hybrid method at varying levels of LSI 
and TDE. Together, the framework and case study dem-
onstrate both the utility of Clinical-ShiftEval for simulat-
ing realistic clinical changes and its practical value for 
guiding robust and safe deployment of NLP models in 
evolving healthcare settings.

The Clinical-ShiftEval framework is released as an 
open-source Python library and can be accessed at https:/​
/github​.com/fv​ille​na/clinical-shifteval.

Background
Robust clinical NLP systems must operate effectively 
in environments where both the data and prediction 
targets evolve. In real-world healthcare, this change is 
routine: new diseases and clinical categories arise, diag-
nostic guidelines are updated, and the underlying dis-
tributions of both patient characteristics and clinical 
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Related work
The challenge of concept drift, concept evolution, and 
maintaining reliable performance in clinical machine 
learning has received increasing attention in recent years. 
However, most studies have focused on structured data 
such as clinical measurements, diagnostic codes, and 
physiological time series.

Several works have systematically documented the 
negative effects of dataset shift on model reliability in 
health contexts. Park et al. [12] demonstrated that out-of-
distribution predictions in medical machine learning can 
be highly unreliable and that out-of-distribution detec-
tion methods effectively quantify uncertainty, potentially 
increasing trust in model recommendations. Similar 
concerns about performance deterioration have been 
observed as shifts in data, covariates, or clinical context 
changes occur, especially during critical events such as 
the COVID-19 pandemic [11, 14]. These findings under-
score the need for systematic monitoring and adaptation 
when machine learning models are deployed in dynamic 
health environments.

Recent reviews and case studies have surveyed strate-
gies to mitigate the effects of temporal dataset shift. Guo 
et al. [4] performed a systematic review of approaches to 
preserve machine learning performance in the presence 
of temporal shift, finding that although some techniques 
can help preserve model performance, they do not fully 
solve the problem. Auxiliary methods such as feature 
selection, domain adaptation, and retraining on new data 
have also been investigated to extend model robustness 
over time [8, 9].

Several theoretical reviews and opinion pieces high-
light the centrality of data drift and dataset shift in the 
lifecycle of artificial intelligence in healthcare [5–7, 10]. 
These works emphasize that model performance is inti-
mately linked to the characteristics of the development 
dataset and that generalization under real-world condi-
tions is a key unaddressed challenge for clinical adoption.

Despite this growing attention, nearly all prior work 
has focused on structured data types, such as vital signs, 
laboratory values, and coded diagnoses, rather than the 
unstructured free text typical of clinical narratives. At 
the same time, recent benchmark efforts have begun to 
examine distribution shift in clinical NLP, although with 
a different scope from ours. CLIFT [18] introduced a 
testbed for analyzing natural distribution shift in clinical 
question answering, showing that strong performance on 
the original test set may not transfer to shifted test distri-
butions. More recently, ConflictMedQA [19] proposed a 
benchmark to evaluate how LLMs handle medical knowl-
edge drift and conflicting clinical guidelines, particularly 
in question-answering settings involving updated recom-
mendations. These resources are highly relevant to the 
broader problem of robustness under clinical change.

documentation practice change over time. Understand-
ing and addressing such changes is fundamental to the 
advancement of reliable, adaptive NLP models for longi-
tudinal clinical applications.

In the machine learning literature, these types of 
changes are commonly referred to under two related 
concepts: concept drift, which concerns alterations in the 
relationship between inputs and outputs, and concept 
evolution, which captures the appearance or disappear-
ance of labels over time. Clearly defining these notions in 
the clinical NLP context is important, as they provide a 
precise vocabulary and theoretical foundation for char-
acterizing the distributional challenges this work seeks to 
address.

Label-set incompatibility
Label-set incompatibility or concept evolution arises 
when entirely new output classes appear in the data, or 
when old classes become obsolete, a phenomenon also 
known as label space drift or class-incremental learn-
ing. In clinical NLP, this can take the form of new disease 
codes introduced during a pandemic or outdated condi-
tions. Machine learning approaches to concept evolu-
tion must detect candidate instances of novel classes and 
incorporate them into future model updates or predictive 
ensembles. Concept evolution is an especially pressing 
challenge in fields that face rapid expansion of knowl-
edge, regulatory change, or frequent updates to disease 
ontologies, and must be studied alongside traditional 
concept drift to ensure model robustness in dynamic 
healthcare settings [17].

Task definition evolution
Task definition evolution or concept drift refers to tempo-
ral changes in the data generation process that affect the 
relationship between predictors X  and target labels Y . In 
machine learning, this is typically formalized as a change 
in the conditional distribution P (Y |X), with or without 
concurrent changes in the marginal distribution P (X)
. Real concept drift occurs when the rule used to assign 
labels to examples changes, such as when new clinical 
guidelines redefine disease diagnoses or when prioritiza-
tion criteria are revised. On the other hand, virtual con-
cept drift occurs when only the input distribution P (X) 
changes, but the relationship to the outcome remains the 
same. Different types of drift can be observed, including 
sudden, gradual, partial (affecting only part of the space), 
or recurrent (where past distributions reappear, such as 
seasonal effects) [17]. In clinical practice, task definition 
evolution is critical because guideline updates or policy 
changes can quickly render existing models obsolete if 
not adapted.
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Our work differs from these benchmarks in its objec-
tive and level of abstraction. Whereas CLIFT and Con-
flictMedQA are task-specific benchmark datasets, 
Clinical-ShiftEval is a general framework for constructing 
controlled dynamic evaluation scenarios on real clinical 
text. Rather than defining a fixed benchmark for a single 
task, it parameterizes two reusable forms of change and 
enables systematic comparison of adaptation strategies 
across multiple levels of shift severity. In this sense, our 
contribution is complementary to existing benchmarks: 
we provide a methodology for generating clinically moti-
vated dynamic scenarios, while prior benchmarks pro-
vide fixed testbeds for particular tasks and forms of drift.

Methods
To evaluate the robustness of clinical NLP models in 
dynamic data settings, we developed Clinical-ShiftEval, a 
systematic framework to simulate and benchmark model 
adaptation in two major real-world change scenarios: 
label-set incompatibility (LSI) and task definition evolu-
tion (TDE). All validation experiments were carried out 
on real-world clinical text corpora, with controlled and 
parameterized simulations of the shift for each scenario.

Clinical-ShiftEval
To systematically assess the effects of real-world change 
on clinical NLP model robustness, we constructed con-
trolled simulation scenarios that reflect sources of distri-
butional change in healthcare settings. Clinical-ShiftEval 
focuses on two prototypical challenges: changes in the set 
of possible prediction targets (label-set incompatibility), 
and changes in the assignment or definition of task labels 
without altering the label space (task definition evolu-
tion). By parameterizing and simulating these challenges 
in real clinical datasets, we enable fine-grained analyses 
of model adaptability and performance in a range of plau-
sible healthcare settings. The following subsections detail 
the formalization and implementation of each simulation 
scenario.

Label-set incompatibility (LSI)
Label-set incompatibility simulates scenarios in which 
the set of possible prediction targets changes between 
two periods, reflecting real-world shifts such as the intro-
duction of new diseases, regulatory requirements, or 
updates to diagnostic vocabularies. In our framework, 
both period-specific datasets DA and DB  are derived 
from a single underlying dataset D, which can in prin-
ciple be any clinical dataset containing labeled instances. 
Formally, let X  denote the input space and Y  the com-
plete set of labels. For period A, we define the dataset as 

	 DA = {(xi, yi)}n
i=1, with yi ∈ YA, YA ⊆ Y.

For period B, let 

	DB = {(xj , yj)}m
j=1, with yj ∈ YB , YB ⊆ Y.

The set of labels YA and YB  differs, so YA ̸= YB . This for-
mulation allows for both the appearance of new labels 
in period B (where YB ⊃ YA), as well as the removal of 
labels that were present in period A (where YB ⊂ YA), 
depending on the specific configuration.

This challenging setting is constructed by altering the 
label set between period A and B. It simulates real-world 
clinical scenarios in which models may encounter newly 
introduced categories or find that previously relevant 
labels are no longer applicable. We evaluate the model’s 
ability to remain robust and generalizable under these 
conditions with a focus on how it handles both unseen 
labels and cases where previously seen labels are no lon-
ger part of the active classification space.

To simulate LSI in a flexible and realistic way, we define 
two parameters that allow us to control different sources 
of mismatch between periods A and B. These parameters 
help to evaluate the robustness of NLP models when 
dealing with emerging and deprecated labels.

 	• The proportion of deprecated (A-only) labels, 
denoted α ∈ [0, 1], is defined as 

	
α = |YA \ YB|

|YA|
.

	 Here, the operator “\” denotes the set difference, so 
YA \ YB are the labels that were present in period A 
but do not appear in period B. A value of α = 0 
means no labels were deprecated, while larger values 
simulate scenarios where more labels disappear 
between periods.

 	• The proportion of new (B-only) labels, denoted 
β ∈ [0, 1], is defined as 

	
β = |YB \ YA|

|YB|
.

	 In this case, YB \ YA are the labels that appear for the 
first time in period B and did not exist in period A. 
A value of β = 0 means no new labels were added, 
while larger values simulate increasingly larger 
expansions of the label set.

By varying α and β, we support a wide range of realis-
tic evaluation scenarios, ranging from expanding label 
spaces (new clinical targets) to shrinking ones (depre-
cated labels). Together, these parameters provide a com-
prehensive framework for testing model robustness in 
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dynamic data environments. A special case arises when 
both α = 0 and β = 0, which implies that YA = YB . In 
this setting, the label set remains unchanged between 
periods and no label-set incompatibility is introduced.

Task definition evolution (TDE)
Task definition evolution models changes in clinical pri-
orities or criteria that redefine what constitutes a posi-
tive case, while keeping the input distribution and label 
set constant. Let X  be the input space, Y  the fixed 
label space, and z ∈ Z  a set of hidden attributes asso-
ciated with each input x ∈ X  (for example, the pres-
ence of specific clinical conditions such as diabetes or 
hypertension). During period A, the model observes a 
dataset DA = {(xi, yi)}n

i=1, where labels yi are deter-
mined according to a task-specific decision function 
fA : Z → Y  that maps hidden attributes to output 
labels based on current priorities. In period B, the same 
attributes z can lead to different labeling outcomes 
under a new decision function fB : Z → Y , such that 
fA(z) ̸= fB(z). The latent space Z  and the input distri-
bution p(X) remain unchanged, but the definition of a 
positive or relevant label under Y  evolves.

For example, a clinical note that mentions both dia-
betes and hypertension can be labeled negative dur-
ing training if only cancer-related cases are prioritized. 
If hypertension becomes a priority condition in period 
B, the same input should now be labeled positive. This 
change simulates a realistic shift in prediction goals over 
time without modifying the data, posing challenges for 
models that assume static task definitions.

In our formulation, a decision function assigns a binary 
label based on the presence of a subset of hidden attri-
butes associated with each input. Given a set of binary 
hidden attributes Z = {z1, z2, . . . , zn} extracted from 
input x ∈ X , both the period A and the B decision 
functions are defined as disjunctions over subsets of 
attributes: 

	
f(z) =

∨
zi∈S

zi = 1,

where S ⊆ Z  is the set of attributes considered relevant 
under a specific task definition. This equation indicates 
that the output of the decision function f  is positive (1) 
if any of the attributes in the relevant subset S are pres-
ent (that is, zi = 1 for at least one zi in S). The operation ∨

 denotes the logical OR, so f(z) implements a logical 
“any” over the attributes of interest.

In our case, if the hidden attributes represent diseases 
encoded using the ICD-10 vocabulary, then the size of Z  
corresponds to the number of distinct ICD-10 codes and 
S ⊆ Z  represents the subset of codes that are prioritized 
at a given point in time. A patient is labeled as positive if 

they are associated with at least one prioritized condition 
and negative otherwise. It is important to note that sim-
ulating task definition evolution requires access to such 
hidden attributes. Therefore, not all datasets are suitable 
for this type of experiment: only datasets that include 
auxiliary or structured labels (e.g., ICD codes linked to 
free-text notes) can be used to model task definition evo-
lution in this way.

We define two task-specific decision functions:
fA : Z → Y  uses a set SA ⊆ Z  of relevant attributes 

during period A.
fB : Z → Y  uses a different set SB ⊆ Z of relevant 

attributes during period B.
To systematically simulate task definition evolution 

across periods, we introduce two parameters, γ1 and γ2
, that govern the transitions in the relevance of the attri-
butes between period A and period B. Specifically, for 
each attribute in Z :

 	• γ1 denotes the probability that an attribute not 
relevant in period A becomes newly relevant in 
period B (i.e., is added to SB but not SA);

 	• γ2 is the probability that an attribute relevant in 
period A loses relevance in period B (i.e., is removed 
from SB).

Adjusting γ1 and γ2, we can represent a wide range of 
change scenarios, from environments where clinical pri-
orities remain highly stable to those where criteria for 
positive cases change substantially.

Parameter sweep for scenario parameterization
To ensure that our evaluation encompassed a realistic 
range of change stengths, we systematically explored the 
parameter spaces for both LSI and TDE using a param-
eter sweep. By parameter sweep, we mean a grid-based 
exploration in which all relevant parameters are varied 
across their possible ranges in a systematic manner. For 
each scenario, we evaluated all combinations of relevant 
parameters by training a supervised model on period A 
data and measuring its performance drop when tested 
on period B data, relative to its baseline performance in 
period A. This approach allowed us to robustly quantify 
how different degrees and types of clinical shifts degrade 
model performance.

Based on the distribution of observed performance 
drops across this grid, we selected representative param-
eter settings that resulted in a performance drop of 25, 
50 and 75% in the F1 score. These levels were used to 
define the simulation strengths of low, medium, and high 
for both dynamic scenarios. All comparative analyses of 
adaptation strategies were performed in these calibrated 
settings, ensuring that our results reflect a range of 
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practically meaningful and interpretable degrees of dis-
tributional and task change.

Case study
To demonstrate the practical utility of Clinical-Shift-
Eval, we conducted a case study that applies the frame-
work to real-world clinical data. The purpose of this case 
study is twofold: (i) to validate that the framework reli-
ably simulates realistic distributional and task shifts with 
controlled severity, and (ii) to compare representative 
adaptation strategies under these conditions. By ground-
ing the simulations in authentic EHR text, we ensure 
that the evaluation reflects both the complexity of clini-
cal documentation and the evolving challenges faced in 
deployment. The case study focuses on two clinically 
significant tasks: referral specialty classification and dis-
ease prioritization, chosen because they naturally lend 
themselves to scenarios of LSI and TDE. Through this 
setup, we can assess how different adaptation paradigms 
recover performance under dynamic clinical conditions.

Adaptation strategies
Clinical-ShiftEval is agnostic with respect to the choice of 
adaptation method: any learning strategy that addresses 
distributional shifts or task redefinitions can be evalu-
ated within the framework. To illustrate its practical use, 
we designed a case study comparing three representative 
approaches: continual training, in-context learning, and 
a hybrid method. These were selected because they cap-
ture three complementary paradigms of model retrain-
ing, prompt-based adaptation of large language models 
(LLMs), and coordinated integration of legacy discrimi-
native models with generative LLMs. Importantly, Clini-
cal-ShiftEval is not limited to these strategies.

Continual training  In this approach, models are initially 
trained on data from period A and then incrementally 
updated with data from period B. This allows the model 
to gradually adapt its parameters as new distributions or 
label sets emerge in the deployment environment.

For continual training experiments, we used the 
PlanTL-GOB-ES/bsc-bio-ehr-es, a RoBERTa-
base model [20], as it represents the current state of the 
art for the Spanish biomedical and clinical text. Each task 
was fine-tuned using the default model hyperparameters, 
and training was performed for five epochs using the 
HuggingFace transformers library.

In-context learning  For this strategy, LLMs are condi-
tioned in inference time using prompt-based techniques. 
Task descriptions and label definitions are included 
directly in the prompt, allowing the model to rapidly 
adapt to new tasks or changes in the label space without 
the need for parameter updates or retraining.

In our experiments, we used the dspy Python library 
[21] together with the MIPROv2 optimizer [22] to auto-
matically optimize prompt instructions and demon-
strations. We used only 1% of the examples for prompt 
optimization. For each task, the optimizer was run using 
the light auto configuration, with 10 trials, minibatch 
optimization enabled, 6 few-shot candidates, 3 instruc-
tion candidates, and a validation set size of 100 examples.

We evaluated the following LLMs: GPT-4.1 and GPT-
5 through the OpenAI API, and DeepSeek-V3-0324 
and DeepSeek-R1 through OpenRouter. Unless oth-
erwise noted, inference used the following parameters: 
temperature = 1.0, top_p = 1.0, and max_tokens = 2048. 
We evaluated the models in a zero-shot setting with opti-
mized instructions, where the prompt included the task 
description and the current label space or task defini-
tion, but no manually selected annotated examples from 
period B at inference time.

Hybrid method  The hybrid adaptation strategy com-
bines a legacy discriminative model trained on period A 
data with an LLM acting as an adaptive decision agent. 
During inference, the agent receives: (i) the clinical text, 
(ii) the current task definition for period B, including the 
valid label space for LSI or the updated prioritization cri-
teria for TDE, and (iii) the prediction produced by the 
legacy model, which is treated as an auxiliary suggestion 
rather than a binding output.

The legacy model output is provided as an auxiliary 
suggestion rather than a binding prediction. The agent 
is explicitly instructed to evaluate whether this sugges-
tion is consistent with the current period B rules. If the 
legacy prediction is compatible with the updated label set 
or task definition, the agent may retain it; otherwise, it is 
instructed to override it and produce a corrected predic-
tion based on the clinical text and the current instruc-
tions. This design allows the agent to leverage the legacy 
model as a source of prior information while remaining 
aligned with the updated clinical requirements.

The hybrid prompts were also optimized using dspy 
with MIPROv2, using the same parameters as in the last 
subsection. The underlying LLMs and inference param-
eters were the same as those used in the in-context learn-
ing experiments.

An overview of this orchestrator workflow, including 
the agent’s decision-making process given both the task 
context and the legacy model outputs, is presented in Fig. 
1.

Evaluation protocol and metrics
For each simulation scenario, model performance was 
measured with respect to both standard and dynamic 
metrics.
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 	• Macro F1 score, measuring the conventional 
classification performance.

 	• Performance drop, defined as the relative reduction 
in F1 between baseline (period A or pre-shift) and 
evaluation (period B or post-shift): 

	
Performance drop = FA

1 − FB
1

FA
1

 	• Adaptation speed: For continual adaptation 
experiments, the proportion of period B data 
required for a model to recover 85% of its pre-shift 
performance.

All experiments were repeated with three different ran-
dom seeds, and the results are reported as the mean 
across the runs.

Data sources and experimental setup
To demonstrate the applicability of Clinical-ShiftEval, we 
conducted the case study using clinical data derived from 
the Chilean Waiting List Corpus [2, 23, 24]. This corpus 
originates from Chilean public health institutions and 
consists of referral records written in Spanish, where the 
reason for patient referral is expressed in free text. The 
multitask nature of this dataset provides a suitable setting 
for simulating clinically meaningful scenarios involving 
both stable and evolving prediction targets.

It is important to emphasize that Clinical-ShiftEval is 
not tied to this dataset: any clinical corpus could be used 
to construct different case studies. We encourage future 
work to build on this framework by applying it to diverse 
datasets, languages, and healthcare domains. To fur-
ther illustrate this portability, we include supplementary 

experiments on two English-language biomedical datas-
ets in Appendix 1.

The period A and period B splits for our case study 
were generated using Clinical-ShiftEval, which parame-
terizes changes in label sets and task definitions to mimic 
realistic clinical scenarios.

Referral specialty classification  To model LSI, we con-
sider the task of predicting the appropriate medical spe-
cialty for each referral based solely on the free-text reason 
for referral. This is a multilabel classification problem with 
48 possible specialty classes. Period A and period B were 
simulated by partitioning the set of specialty labels: for 
each configuration, different subsets of specialties were 
assigned to periods A and B according to the LSI parame-
ters α and β. Consequently, the set of available specialties 
differed across periods, allowing new specialties to appear 
in period B and others to become obsolete (present only 
in period A). The dataset is available at ​h​t​t​​p​s​:​/​​/​d​o​​i​.​​o​r​g​/​1​0​
.​5​7​9​6​7​/​h​f​/​6​2​9​8​​

Disease prioritization  To model TDE, we used the 
ICD-10 annotations available in the dataset. Each refer-
ral is associated with a set of diseases encoded as hidden 
attributes. Within our framework, a subset of these dis-
eases is designated as “prioritized” for each period: period 
A and period B are assigned different subsets, simulat-
ing changes in clinical guidelines, prioritization criteria, 
or health policies. This setup enables systematic evalua-
tion of how models handle evolving task definitions while 
keeping the input data fixed. The dataset is available at 
https:/​/doi.or​g/10.52​81/z​enodo.7757971

Fig. 1  Illustrative example of the agent in the hybrid method fixing a discriminative output because the task definition changed

 

https://doi.org/10.57967/hf/6298
https://doi.org/10.57967/hf/6298
https://doi.org/10.5281/zenodo.7757971
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Error analysis
To complement the aggregate evaluation metrics, we per-
formed an additional error analysis to better characterize 
model failure modes under both dynamic scenarios.

For the LSI scenario, we analyzed normalized confu-
sion matrices for the referral specialty classification task. 
These matrices were used to compare the behavior of the 
continual training model in three representative settings: 
baseline evaluation on period A, evaluation on period 
B without adaptation, and evaluation on period B after 
retraining with period B data.

For the TDE scenario, we complemented Macro F1 
with two error-type metrics tailored to the binary pri-
oritization setting: the false negative rate (FNR) and the 
false positive rate (FPR). These are defined as 

	
FNR = FN

TP + FN
, FPR = FP

TN + FP
,

where TP , TN , FP , and FN  denote true positives, true 
negatives, false positives, and false negatives, respec-
tively. As in the LSI analysis, we compared these quanti-
ties across baseline evaluation on period A, evaluation on 
period B without adaptation, and evaluation on period B 
after retraining.

For both scenarios, this analysis was conducted using 
a representative Clinical-ShiftEval configuration whose 
parameters were selected from the parameter sweep to 
produce an approximate performance drop of 0.5, corre-
sponding to the medium shift level.

Results
We first analyzed the relationship between simulation 
parameters and model performance using a compre-
hensive parameter sweep in Clinical-ShiftEval. For each 
scenario (LSI and TDE), we systematically evaluated all 
combinations of parameters, quantifying the perfor-
mance drop experienced by the baseline models under 
each condition. This approach enabled us to identify and 
define low, medium, and high simulation strengths. The 
complete results of the parameter sweep, visualized in 
Fig. 2 for LSI and TDE, reveal the range and structure of 
the performance degradation in the parameter space.

Continual training
Figure 3 shows the performance drop for the continual 
training method as a function of the proportion of period 
B data used for retraining, for both the LSI and TDE sce-
narios. Across both scenarios and all simulation strengths 
(low, medium and high), the performance drop was high-
est when the period B data were not incorporated and 
decreased as more fractions of new data were used for 
retraining. In the LSI setting (Fig. 3a), more severe simu-
lation strength was associated with a greater initial per-
formance degradation, but this difference decreased as 
retraining included more period B data, with the perfor-
mance drop converging between strengths when at least 
40% of period B data was used. In the TDE scenario (Fig. 
3b), a similar trend was observed: all simulation strengths 
began with high performance drop, but retraining with as 
little as 20% of period B data reduced the drop to mini-
mal levels. Regarding adaptation speed, we observed a 

Fig. 2  Performance drop as a function of scenario parameters for (a) label set incompatibility and (b) task definition evolution. Contour lines correspond 
to performance drop levels of 0.25 (lowest controur line), 0.5, and 0.75 (highest contour line), and markers indicate representative points on each contour
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clear correlation in the LSI setting: a higher simulation 
strength required a higher proportion of period B data 
for the model to achieve a 15% performance drop. This 
indicates that more severe shifts require greater data 
exposure for effective adaptation. In contrast, for TDE, 
the adaptation speed did not show such a correlation, all 
simulation strengths converged to a 15% performance 
drop after incorporating a similar amount of period B 
data, regardless of the initial severity of the change.

In-context learning
Figure 4 compares the performance of in-context learn-
ing and continual training paradigms in both LSI and 
TDE scenarios. In both scenarios, in-context learning 
achieves competitive performance without requiring any 
new period B training data. However, as the proportion 
of period B data used for continual training increases, 
the performance drop for continual training decreases 
and eventually falls below that of in-context learning. 
This crossover point indicates the regime where ongo-
ing model retraining begins to outperform in-context 
learning, especially in more severe shift settings or as 
more new data become available. In particular, the per-
formance advantage of in-context learning is most pro-
nounced when only a small fraction (or none) of the new 
data are accessible for model update.

A detailed comparison of the LLM-based paradigms 
is presented in Fig. 6, which shows that among the in-
context learning paradigm models, GPT-5 consistently 

achieved the lowest performance drop, outperforming 
the other LLMs in both the LSI and TDE scenarios.

Hybrid method
Figure 5 presents the performance drop for the hybrid 
paradigm in the LSI and TDE scenarios. In both sce-
narios, the hybrid approach achieves a low performance 
drop. For the LSI scenario, the hybrid paradigm some 
models consistently outperforms continual training in 
low proportions of period B data and maintains its advan-
tage until continual retraining is performed with approxi-
mately 40% of new data, at which point the performance 
becomes comparable. In the TDE scenario, a similar pat-
tern is observed: the hybrid method is highly robust ini-
tially and remains competitive as more new data is used 
for retraining, where continual training only surpasses it 
after substantial integration of period B samples.

Figure 6 further illustrates that the hybrid paradigm 
achieves lower performance drops than in-context learn-
ing, the advantage being particularly marked under LSI, 
while in TDE the difference between the two approaches 
is smaller.

Error analysis
For the LSI scenario, Fig. 7 shows the confusion matrices 
for the specialty classification task under three represen-
tative conditions: evaluation on period A, evaluation on 
period B without retraining, and evaluation on period 
B after retraining with all available period B data. On 
period A, the model exhibits a clear diagonal structure. 

Fig. 3  Performance drop for the continual training method as a function of the proportion of period B data used for retraining: (a) label set incompat-
ibility and (b) task definition evolution. The dashed line represent and 15% performance drop, used to measure adaptation speed
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Fig. 5  The solid lines show the performance drop for the hybrid paradigm in (a) label set incompatibility and (b) task definition evolution scenarios. 
Dashed lines show the performance drop for the continual training paradigm as the proportion of period B data used for retraining increases, providing 
context for when continual training surpasses the hybrid method

 

Fig. 4  The solid lines show the performance drop for the in-context learning paradigm in (a) label set incompatibility and (b) task definition evolution 
scenarios. Dashed lines in the background indicate the performance drop for the continual training paradigm as the proportion of period B data used for 
retraining increases, providing context for when continual training surpasses in-context learning
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When the same model is applied to period B without 
adaptation, the diagonal weakens substantially and sys-
tematic off-diagonal confusions emerge. After retrain-
ing on period B data, the diagonal structure is largely 
restored.

For the TDE scenario, Fig. 8 reports the FNR and 
FPR for the binary prioritization task. When the model 
trained on period A was directly evaluated on period B 
without retraining, both error rates increased substan-
tially relative to the baseline evaluation on period A. 
After retraining on period B data, both FNR and FPR 
decreased markedly, approaching baseline levels.

Discussion
In this study, we introduced Clinical-ShiftEval, a bench-
marking framework designed to systematically evalu-
ate model adaptation in dynamic clinical NLP tasks 
using real-world EHR text. Our results demonstrate the 
importance of modeling both LSI and TDE, revealing the 
distinct ways in which each type of distributional shift 
degrades model performance and influences adaptation 
requirements.

Our experiments show that conventional supervised 
models trained under a static regime are highly sensi-
tive to both LSI and TDE. In line with previous evidence 
from conventional machine learning studies on data 
set shift and temporal drift [4, 11, 14], we also observe 

Fig. 7  Normalized confusion matrices for the LSI scenario under three representative conditions: baseline evaluation on period A, evaluation on period 
B without retraining, and evaluation on period B after retraining with 100% of period B data

 

Fig. 6  Performance drop for the LLM-based paradigms in (a) label set incompatibility and (b) task definition evolution scenarios
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severe performance drops, up to 82% in F1 for LSI and 
43% for TDE, which underscores the risks of deploy-
ing fixed models in evolving clinical environments. In 
particular, we observed that in LSI, the proportion of 
newly introduced labels (controlled by β) exerts a signifi-
cantly stronger effect on performance degradation than 
the removal of deprecated labels (α). This pattern mir-
rors observations reported in the conventional machine 
learning literature on data streams [17, 25], and here we 
confirm that similar challenges also arise in the context of 
clinical NLP, where models struggle most when required 
to handle previously unseen categories. In the TDE set-
ting, the performance drop increased more strongly with 
higher values of γ2, which represents the probability that 
a relevant attribute becomes irrelevant. The gradient of 
the heatmap is noticeably steeper along the γ2 axis than 
along the γ1 axis, indicating that the removal of previ-
ously relevant attributes leads to a greater degradation in 
model performance than the introduction of new ones. 
This suggests that the model reliability under the evolu-
tion of the task definition is particularly sensitive to the 
loss of existing criteria in the definition of positive cases.

Among the adaptation strategies tested, in-context 
learning using LLMs achieved strong robustness to shift 
without access to new data, yielding a 35% drop in F1 in 
the LSI scenario and up to a 10% drop in F1 in the TDE 
setting. These results are consistent with previous stud-
ies in general NLP that demonstrate the effectiveness 
of in-context learning for rapid task adaptation [26, 27], 
and here we show that the same paradigm also provides 
substantial benefits in clinical NLP tasks. The hybrid 
method, which combines in-context learning with access 
to a legacy discriminative model, further reduced this 
drop to around 8% in both scenarios. Continual adapta-
tion through incremental retraining outperformed the 
other methods only after a substantial amount (at least 
30%) of period B data was incorporated, illustrating a 

key trade-off between data requirements and adapta-
tion speed [28, 29]. These trends were held consistently 
across both types of shift and across all levels of simula-
tion strength.

An additional observation from our experiments is the 
clear differentiation in performance between the LLMs 
evaluated. Among the in-context learning models, GPT-5 
consistently achieved the lowest performance drop, with 
DeepSeek-R1 also performing competitively in the TDE 
scenario. This suggests that not all LLMs are equally 
suited for adaptation in clinical NLP tasks, and choos-
ing the underlying model can influence robustness out-
comes. Furthermore, when comparing paradigms, the 
hybrid approach consistently outperformed in-context 
learning, with the advantage being more pronounced 
for LSI than for TDE. This indicates that combining the 
discriminative strength of legacy models with the adapt-
ability of LLMs is especially advantageous when models 
must handle entirely new labels, whereas TDE can often 
be effectively managed by LLMs alone.

A closer inspection of the confusion patterns in the 
LSI scenario also suggests that not all errors have the 
same practical severity. Some misclassifications remain 
clinically plausible because they occur between related 
specialties. For example, referrals labeled as STDs were 
misclassified only as Dermatology, which may be less 
concerning in practice, since dermatology services often 
manage sexually transmitted infections with cutaneous 
or mucosal manifestations. Likewise, Gynecology refer-
rals were sometimes misclassified as Breast Surgery, a 
confusion that is also clinically understandable given 
the overlap in referral pathways and women’s health ser-
vices in some healthcare systems. In contrast, referrals 
from broader categories such as Pediatrics and Pedi-
atric Surgery were distributed across several special-
ties, suggesting a more diffuse error pattern. This may 
reflect the more general scope of these services, whose 

Fig. 8  FNR and FPR for the TDE scenario under three representative conditions: baseline evaluation on period A, evaluation on period B without retrain-
ing, and evaluation on period B after retraining with 100% of period B data

 



Page 14 of 15Villena et al. BMC Medical Informatics and Decision Making          (2026) 26:240 

referrals can reasonably span multiple organ systems and 
subspecialties.

In the TDE scenario, the simultaneous increase in both 
error rates after the shift suggests that legacy models not 
only fail to detect newly prioritized cases, but also con-
tinue to act on outdated criteria. In practice, this may 
compromise both the efficiency and the equity of priori-
tization decisions.

Collectively, these findings suggest that prompt-based 
and hybrid LLM approaches provide a practical means 
for rapid adaptation in healthcare settings where labeled 
data for new periods may be scarce or delayed, especially 
in languages other than English [30], while continual 
training remains the most powerful option when suffi-
cient new data becomes available. This complex under-
standing is especially relevant for clinical deployments, 
where timely operations and patient safety often require 
robust solutions even before large-scale data collection 
or model retraining is feasible.

The flexibility and fine-grained control of Clinical-
ShiftEval enable researchers and practitioners to probe 
robustness and adaptation strategies under a spectrum of 
realistic, clinically motivated scenarios. By modeling both 
abrupt and gradual changes and employing real EHR nar-
ratives instead of synthetic data, our framework produces 
benchmarks that closely mirror the complexity of opera-
tional healthcare data. This is crucial for modern clini-
cal NLP, where guideline updates, institutional workflow 
changes, and evolving disease landscapes are frequent 
and consequential.

In addition, Clinical-ShiftEval accommodates the eval-
uation of emerging adaptation paradigms, supporting 
fair and interpretable comparisons between continuous 
learning, prompt-based, and hybrid solutions. This is 
timely given the proliferation of new foundation models 
and in-context learning strategies in clinical NLP.

Conclusion
In this study, we introduced Clinical-ShiftEval, a novel 
framework for simulating and evaluating model adap-
tation in dynamic clinical NLP tasks using real-world 
EHR text. By parameterizing both LSI and TDE, our 
framework enables systematic benchmarking of model 
robustness under a wide range of realistic clinical change 
scenarios.

Our results show that static models are vulnerable to 
substantial performance degradation as data and labeling 
priorities change, while in-context learning and hybrid 
approaches substantially reduce this impact even with-
out additional retraining. Continual training remains the 
most effective long-term strategy when sufficient new 
data is available.

Beyond aggregate performance, our error analy-
sis shows that dynamic shifts give rise to clinically 

meaningful failure modes, including incorrect referral 
routing under label-set changes and missed or spurious 
prioritization under evolving task definitions

Clinical-ShiftEval offers a fine-grained, data-driven 
platform to compare and improve adaptation strategies in 
a rapidly evolving technological landscape. This broader 
applicability is further illustrated by supplementary 
experiments on English-language biomedical datasets 
presented in Appendix 1. We believe that our framework 
will accelerate progress toward the deployment of safe, 
reliable, and adaptable NLP models in real clinical set-
tings and motivate further research into dynamic, robust 
clinical language understanding.
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