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Abstract

Large language models (LLMs) are increas-
ingly applied in clinical decision support, yet
current evaluations rarely reveal whether their
outputs reflect genuine medical reasoning or
superficial correlations. We introduce DeVisE
(Demographics and Vital signs Evaluation), a
behavioral testing framework that probes fine-
grained clinical understanding through con-
trolled counterfactuals. Using intensive care
unit (ICU) discharge notes from MIMIC-1V, we
construct both raw (real-world) and template-
based (synthetic) variants with single-variable
perturbations in demographic (age, gender,
ethnicity) and vital sign attributes. We eval-
uate eight LL.Ms, spanning general-purpose
and medical variants, under zero-shot setting.
Model behavior is analyzed through (1) input-
level sensitivity, capturing how counterfactuals
alter perplexity, and (2) downstream reasoning,
measuring their effect on predicted ICU length-
of-stay and mortality. Overall, our results show
that standard task metrics obscure clinically rel-
evant differences in model behavior, with mod-
els differing substantially in how consistently
and proportionally they adjust predictions to
counterfactual perturbations.’

1 Introduction

Large language models (LLMs) are increasingly
applied in the medical domain and show strong
performance across clinical tasks (Gu et al., 2021;
McDuff et al., 2023; Van Veen et al., 2024; Sing-
hal et al., 2025). However, conventional medical
benchmarks (Xu et al., 2023; Bakhshandeh, 2023;
Yao et al., 2024) offer limited insight into how clin-
ically grounded is an LLM’s manipulation of key
clinical variables when making predictions, such
as predicting the risk of mortality of a patient in the
hospital (Van Aken et al., 2021a; MacPhail et al.,
2024; Jullien et al., 2024; Van Veen et al., 2024;

'Our benchmark is available at https://github.com/
camztag/DeVisE

“Hacettepe University, Ankara, Turkey

Singhal et al., 2025). A key question is whether an
LLM makes use of clinical concepts similarly to
how a human clinician would, or whether it relies
on biases, shortcuts, and spurious correlations.

To illustrate how we address this issue, let us
use the example of an ‘original patient’ in which
a clinically meaningful variable such as the heart
rate is changed from 89 bpm (‘normal’) to 120
bpm (‘high’), yielding a ‘counterfactual patient’.
We build on the intuition that, in such cases, an
LLM should both adjust 1) the probability of the
patient clinical profile, such that the counterfactual
patient profile should become less likely the further
it gets from the original, and 2) the probability of
associated outcomes, such as predicting a higher
risk of mortality for the counterfactual compared to
the original patient, since the clinical condition of
the patient deteriorated when moving from heart
rate 89 bpm (‘normal’) to 120 bpm (‘high’).

In this work, we propose DeVisE, a clinically-
grounded evaluation framework for medical LLMs
based on behavioural testing and counterfactual
evaluation. We show an overview of DeVisE in Fig-
ure 1. (1) Admission notes: We create admission
notes for intensive care unit (ICU) patients from
MIMIC-IV (Johnson et al., 2023b) discharge sum-
maries following Van Aken et al. (2021b); Rohr
et al. (2024). We extract key clinical variables:
demographics (age, gender, ethnicity) from
MIMIC'’s structured data, and vital signs (heart
rate, systolic blood pressure, diastolic
blood pressure, body temperature, oxygen
saturation, respiratory rate) from the ad-
mission notes. We choose these variables due to
their relevance to the two downstream tasks we
use in our evaluation (Hempel et al., 2023; Can-
del et al., 2022) as well as for their low missing-
ness rate. We use both raw admission notes and a
template-based version of the same notes whereby
only the variables of interest are included. (2)
Counterfactual generation: For each patient, we
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Figure 1: Overview of DeVisE in 5 steps: (1) We create admission notes using MIMIC-IV discharge summaries;
(2) We create counterfactuals for template-based and raw notes; (3—4) We use original and counterfactual notes to
predict mortality and LoS in a zero-shot setting, and (5) We evaluate and compare LLMs in (5a) a task-specific
setting—on how counterfactuals affect mortality and LoS probabilities—and in (5b) a task-independent setting, by
comparing how LLM perplexity change between original and counterfactual examples.

create single-variable counterfactuals for all vari-
ables, e.g., change a patient’s heart rate from 89
to 120, while keeping everything else unchanged.
(3—4) Mortality and Length-of-stay prediction:
We apply LLMs in a zero-shot setting to predict
two downstream tasks: mortality and length-of-stay
(LoS) in the ICU. (5) Counterfactual evaluation:
In (5a) Task-specific evaluation, we investigate
how counterfactuals change the probability of the
two downstream tasks. For counterfactuals imply-
ing a change in the patient condition, we expect the
LLM to reflect that in the downstream probabilities.
For instance, in our example the patient condition
deteriorates with the heart rate changing from 89
/ ‘normal’ to 120 / ‘high’. We thus expect the LLM
to predict a higher risk of mortality and longer LoS
in the ICU for the counterfactual relative to the
original patient. In (5b) Task-independent evalu-
ation, we quantify to what extent counterfactuals
affect how likely patients are, e.g., we compare
the perplexity of the original vs. counterfactual
patient notes. We expect that the further a counter-
factual variable is from the true value of the clinical
variable, the lower the probability the LLM should
assign to the counterfactual.

Our main contributions are:

* We introduce DeVisE (Demographics and
Vital signs Evaluation), a benchmark for clin-
ical NLP that applies behavioral testing with
minimally differing counterfactuals across de-
mographic and vital sign variables.

* We release a dataset of 1,001 raw and 1, 001
template-based validated notes, each with

corresponding counterfactuals, enabling con-
trolled evaluation of model robustness to clin-
ically meaningful counterfactuals.

* We compare eight state-of-the-art LLMs
across dimensions: template-based vs. raw
clinical note, task-independent vs. task-
specific performance, medical vs. general-
purpose vs. reasoning-oriented LLMs.

While not exhaustive, DeVisE provides a con-
trolled and clinically meaningful testbed for prob-
ing reasoning patterns, paving the way for broader
evaluations and safer deployment in real-world
medical settings.

2 Method

DeVisE is designed as a test-only clinical evalua-
tion benchmark and includes three main tests, il-
lustrated in Figure 1: two task-specific tests mea-
suring how mortality and LoS prediction changes
under counterfactuals, and one task-independent
test measuring how patient clinical profile proba-
bility changes under counterfactuals. LLMs are not
trained on original or counterfactual examples we
generate in any way, and in that sense DeVisE is a
zero-shot benchmark.

Background Let P € D denote the set of pa-
tients in a dataset D (detailed further in §2.1) and
V the set of clinical variables (explained in §2.2).
Each variable v € V takes values in a domain X,
defined by ranges (numerical variables) or classes
(categorical variables) defined in Tables 1-2. In
§2.3 we explain how we map numerical variables
v € V onto clinically-grounded severity scales for
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our analysis. Patient ¢ € P is represented by a
feature vector X; = (T4 )vey € X = [[,cp Ao
For each patient ¢ and variable v, let A;, C X},
denote the set of alternative values or possible
counterfactuals, with a # x;, for all a € A;,.
A single-variable counterfactual for patient 7 is the
feature vector obtained by replacing the original
value of v in x; with a, while keeping all other vari-
ables unchanged; we denote this vector by ii(VHa)
The set of all counterfactuals for patient ¢ and vari-
able v is C;, = {fci(w_a) | v eV, Va € A}, and
the set of all counterfactuals for all variables for
a patient i is C; = {ii(vga) | Vo € V,Va € A}
We explain how we generate counterfactuals in
§ 2.4 and detail our manual validation of the origi-
nal and counterfactual patients’ data in § 2.5.
Each patient ¢ is associated with two categorical
outcomes: mortality ™" € Y™™ and length-of-
stay yios e Y discussed further in § 3.1.1 and
§ 3.1.2, respectively. Let fg : X — {ymort Ylosy
denote a model with parameters 0; we write fp(x;)

and fy (ii(VEa)) for predictions on observed and
counterfactual instances, respectively.

2.1 Source dataset

We source our data from the MIMIC-IV
database (Johnson et al., 2023b,a), which includes
65, 366 intensive care unit (ICU) patients from the
Beth Israel Deaconess Medical Center in Boston,
MA, USA, and documents the full course of a hos-
pital stay. MIMIC-IV includes patients’ structured
data (such as demographics, prescribed medication,
vital signs, and lab results) and also free-text dis-
charge notes. Discharge notes are semi-structured
and include information about the patient medical
condition prior to admission to the ICU, as well
as about the patient’s ICU stay. Our benchmark
includes 1,001 randomly selected admission notes
from MIMIC-IV’s test set, representative of the
adult population in MIMIC-IV: 45% female, mean
age 64=+17 years, and 31% non-white (see Table 4).

From discharge notes to admission notes Since
in our task-specific tests we predict mortality and
LoS in the ICU, we preprocess discharge sum-
maries to remove all information pertinent to the
current ICU stay. We follow Van Aken et al.
(2021b); Rohr et al. (2024) and keep only informa-
tion available at the time of admission in what we
refer to as admission notes. Specifically, we pre-
process and clean discharge summaries retaining
only the following fields (and redacting everything

Variable (Range X;,) Range per class Classes
18-35 young adults
Age 36-55 middle aged adults
(18-91) 56-75 older adults
76-91 elderly
Gender — female
(N/A) — male
— Asian & Pacific
Ethnicity - Bl.ack . .
(N/A) — Hispanic/Latino
— Other/Unknown
— White

Table 1: Demographic variables used in DeVisE.

else): chief complaint, present illness, medical his-
tory, admission medications, allergies, physical
exam, family history, and social history.

Raw admission notes vs. template-based notes
Raw admission notes may include a wide range
of information not directly relevant for particular
downstream tasks. For that reason, we create a
template-based version of a patient’s admission
note whereby only the variables we are interested
in and their value are included (see § A.1 and § A.2
for examples of a raw note and its corresponding
template-based version). Template-based notes
allow us to isolate model responses to variable
changes from confounding arising from natural
variation and noise in the original raw text notes.
When using template-based notes, we shuffle the
variables’ serialisation order before feeding a note
to an LLM. We discuss experiments with raw- and
template-based notes in detail later in § 3.

2.2 Clinical variables

Demographics We use age, gender, and
ethnicity as demographic variables (Table 1).
We choose these variables for their relevance to
studying model biases, their predictive associa-
tion to our downstream tasks, and their availabil-
ity (Van Aken et al., 2021a; Celi et al., 2022; Zhao
et al., 2024). In MIMIC-1V demographic variables
are redacted from discharge notes to de-identify
protected health information; we thus extract these
variables from the patient’s structured data. There
are no missing demographic variable.

Vital signs In Table 2 we show the vital sign
variables we use in DeVisE: heart rate (HR),
systolic blood pressure (SBP), diastolic
blood pressure (DBP), respiratory rate
(RR), oxygen saturation (02Sat), and body

6429



temperature (T). These are all clinically relevant
indicators in early detection and prognosis across
clinical specialties (Downey et al., 2017; Alghatani
et al., 2021; Herasevich et al., 2022), and abun-
dant in MIMIC-IV, having missing values ranging
between 4% and 27%. We extract all vital sign vari-
ables directly from patients’ admission notes using
LLaMA-3.3-70B-Instruct with few-shot prompt-
ing (Grattafiori et al., 2024). For more details,
please refer to § A.3.

2.3 Clinically-informed data preparation

We map numerical variables onto bins and explain
how we do this for demographics and vital signs.

Demographic variables The only numerical de-
mographic variable is age; gender and ethnicity
are already categorical. We preprocess age by bin-
ning ages into four classes, as illustrated in Table 1.

Vital sign variables All vital signs are numerical
variables and are mapped onto clinically-grounded
severity scales. For a given variable v € V), these
scales provide immediate clinical interpretation:
normal values indicate an ideal state, high or low
values reflect a deterioration in the patient’s con-
dition, and very high or very low values corre-
spond to the most critical states. These severity
scales are derived from established clinical guide-
lines for each vital sign and discretize continuous
measurement into small set of interpretable ranges
to enable consistent counterfactual analysis (In-
fectious Diseases Society of America, 2003; Royal
College of Physicians, 2017; Society of Critical
Care Medicine, 2015; World Health Organization,
2016; Society of Critical Care Medicine, 2021;
American Heart Association, 2024). Oxygen satu-
ration is a special case, as values above normal are
not defined. For more details refer to § A.4.

2.4 Counterfactual generation

We generate counterfactual notes by modifying
one clinical variable v € V at a time—either a
demographic attribute or a vital sign—while keep-
ing the rest of the note unchanged. For each pa-
tient 7 € P, we uniformly draw five samples per
class per variable v € V. Classes for demographic
variables are defined in Table 1 and classes for
vital sign variables are the five severity bins in Ta-
ble 2. We draw five counterfactuals uniformly from
each class to ensure a balanced coverage across
all classes. In total, we generate 166,731 coun-
terfactuals: 20,020 (age), 1,001 (gender), 4,004

(ethnicity), 30,895 (SBP), 30,895 (DBP), 27,070
(HR), 20,590 (T), 19,404 (RR), and 12,852 (02Sat).

2.5 Automatic and human validation

We ensure DeVisE’s data quality (including coun-
terfactuals) through automatic and manual checks.

Variable extraction and replacement As men-
tioned earlier, demographic variables are extracted
from patient structured data, whereas vital sign
variables are extracted from admission notes using
LLaMA-3.3-70B-Instruct with few-shot prompt-
ing. For each variable replacement, we first use
the GNU diff tool” to verify that edits affect only
the intended variable, flagging anomalies for hu-
man review. We manually validated all the raw and
template-based notes from original and counterfac-
tual data in DeVisE and observed ~ 5% error rate
in vitals extracted with LLMs, while demographic
replacements drawn from structured data showed
no error. All errors were manually corrected.

3 Experimental Setup

We now describe how we assess LLMs’ sensitivity
and robustness to counterfactuals. Towards this
purpose, we describe our evaluation protocol and
experiments using two downstream tasks, mortal-
ity and length-of-stay prediction (§ 3.1), and also
independently of any downstream task (§ 3.2). We
provide details on the multiple LLMs in § 3.3.

3.1 Task-specific evaluation

Inclusion and exclusion criteria We perform
mortality and length-of-stay prediction in the ICU
within the first 24 hours. We only use the first
ICU stay for the patients in our cohort and, for
patients with multiple ICU stays: when these occur
less than 48 hours apart, we merge them into a
single ICU stay; when ICU stays are separated by
more than 48 hours, we treat them as distinct ICU
admissions and keep only the first admission. We
do not include patients who die within the first 24
hours of admission to the ICU or who have an ICU
stay shorter than 24 hours.

3.1.1 Mortality classification

We frame mortality prediction as binary classifi-
cation with labels Y™™ € {0, 1} indicating if the
patient dies (1) or not (0) during the hospital admis-
sion. The mortality rate in our cohort is 7%.

Zhttps://www.gnu.org/software/diffutils/
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Vital Sign (Range ) Very low (-2) Low (-1) Normal (0) High (+1) Very high (+2) Missing (%)
Heart Rate (1-200 bpm) 1-40 41-50 51-90 91-110 111-200 5.7%
Systolic Blood Pressure (1-220 mmHg) 1-70 71-89 90-119 120-139 140-220 4.3%
Diastolic Blood Pressure (1-140 mmHg) 1-40 41-59 60-79 80-89 90-140 4.3%
Respiration Rate (1-50 bpm) 1-8 9-11 12-20 21-24 25-50 12%
Oxygen Saturation (1-100 %Sp0O,) 1-91 92-95 96-100 — — 51%
Temperature (70.0-110.0 °F) 70.0-89.4 89.5-94.9 95.0-100.2 100.3-103.9 104.0-110.0 27%

Table 2: Clinically meaningful ranges and severity scores. Severity ranges are derived from clinical guidelines.

3.1.2 Length-of-Stay (LoS) classification

LoS measures how long a patient stays in the ICU
and is defined as the number of hours between
admission and discharge. LoS prediction is mod-
elled as a 4-way classification task with labels
Vs ¢ {0,1,2,3} based on training data quan-
tiles: label O for LoS < Qo5 (24 to 39 hours), label
1 for Q25 < LoS < Q@50 (39 to 59 hours), label 2
for Q50 < LoS < Q75 (59 to 112 hours), and label
3 for LoS > Q75 (over 112 hours). LoS bins are
evenly represented with each class accounting for
~25% of the data.

3.1.3 Evaluation metrics

We use the following evaluation metrics for mortal-
ity (§ 3.1.1) and length-of-stay (§ 3.1.2) prediction.

Label probability shift For all variables v € V),
KL is the KL divergence that measures how distant
are label probability distributions for counterfactu-

(v¢-a)

als x; relative to original patients X;,,.

KL = E
ieP, ii(vea) ec;

= KL(fs(Y]a) || fo(Y|b)),

g &% x|, ()
9(a,b)

where fy is an LLM with parameters 6 that com-
putes the probability distribution over labels Y.

Percentage of label flips For all variables v €
V, we compute the percentage of counterfactuals
which induce a flip in the highest probability label.
This metric measures prediction stability in terms
of class labels and indicates whether counterfactual
perturbations caused categorical prediction shifts.
Flips(%) = E h(ii(vea),xw) ,
iep, xV M eg;

2)
1:argmax fy(Y|a) #
argmax fy(Y'|b)

0 : otherwise

h(a,b) =

where fy is an LLM with parameters 6 that com-

putes the probability distribution over labels Y.
We approximate the expectations in Egs. (1-2)

using counterfactual samples described in § 2.4.

Correct direction In addition to probability shift
and label stability, we assess whether counterfac-
tual perturbations induce prediction changes consis-
tent with the expected direction of clinical severity.
For a counterfactual )Ei(VHa) € C;, for a patient ¢

and variable v, we define the severity shift as

(&Y

Asjy, = |sev — [sev(x;)l, 3)

where sev(-) denotes the severity scale associated
with the variable value. A positive shift (As;, > 0)
corresponds to increased severity, while a negative
shift (As;, < 0) corresponds to decreased severity.
We denote the expected LoS for a patient ¢ by

= > foll %) pu,

leylos

OS
| xi]

where 1 is the empirical mean LoS for bin [ com-
puted over the training data. Similarly, we denote
the expected mortality for a patient ¢ simply by

f9( mort_l | Xi)-

Finally, we consider downstream predictions for
a counterfactual as directionally correct iif

s (Bl | )

where y; € {yl%, y™°} denotes the expected LoS
and mortality probability, respectively, and s(-) is
the sign function. We report %CD as the proportion
of counterfactuals that satisfy Equation (4).

By | xi] =

~Ely | %)) = s(Asiv), @)

Monotonicity For each severity scale s &
{—2,-1, 0,+1,+2} (see Table 2), we compute
the mean of the differences between expected
downstream predictions for original and counter-
factual patients as below.

m(s) =

VFa)]

Ely; | X; —Elyi [ %], (5
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where y; € {yl,ym"} again denotes the ex-

pected LoS and mortality probability, respectively.
We compute m(s) for each s by aggregating all
original-counterfactual pairs (x;, ii(w_a)) with a
corresponding As;, = s.

We consider predictions as monotonic iff all the
inequalities below hold.

m(s—1) <m(s) <m(s+1), and (6)
if(s £ 0) {s e{-2,—1}:m(s) <0

se{+1,42} :m(s) >0
We report %Mono as the proportion of predictions
satisfying both conditions.

3.2 Task-independent evaluation

Here we analyze how the probability an LLM as-
signs to the original patient changes under a coun-
terfactual independently of any task.

3.2.1 Evaluation metrics

We first note that we use perplexity as a proxy for
the probability of an admission note as below.

PPL = exp(—% nN:1 log P(tn)) ,
where ¢,, are the tokens in a patient note.

Patient probability shift We calculate the ex-
pected shift in perplexity APPL brought by a coun-
terfactual relative to an original patient as below.

APPL = E
ieP, %V ¥ec,,

[PPL_ = PPLy, |, (D)

where PPL_(v«a) and PPLy;, are the perplexities

of counterfactual and original patient admission
notes, respectively.

We approximate the expectation in Eq. (7) using
counterfactual samples described in § 2.4.

3.3 Large language models (LLMs)

We analyze the performance of 8 LLMs via
in-context learning (zero-shot) for downstream
tasks. For our experiments, we choose LLMs
of varying sizes, architectures, domains, and
reasoning capabilities: Phi4-14B (Abdin et al.,
2024), Meditron3-Phi4-14B (OpenMeditron,
2025), LLaMA-3.3-Instruct-70B (Grattafiori
et al,, 2024), OpenBioLLM-70B (Ankit Pal,
2024), DeepSeek-R1-Distill-70B (Guo et al.,
2025), Qwen-2.5-Instruct-72B (Team, 2024),
GPT-0SS-120B (OpenAl, 2025), and GPT-4.1-
mini (OpenAl(gpt-4.1-mini), 2025).> Zero-shot

3We test GPT 4.1 mini within a private and secure environ-
ment according to the MIMIC-IV data usage agreement.

prompts we use are available in § A.6.

We analyze LLMs along three axes: (1) tem-
plate vs. raw admission notes (2) task-independent
vs. task-specific (3) medical-domain vs. general-
purpose vs. reasoning-oriented. These compar-
isons reveal how model specialization and reason-
ing capacity affect robustness, sensitivity, and be-
havioral consistency. We summarise all LLM spec-
ifications in Table 5, § A.7.1.

4 Results

Below we report results for our task-independent
(§ 4.1) and task-specific (§ 4.2) evaluations.

4.1 Task-independent

We observe small behavioral differences in terms
of change in perplexity across models that scale
scale with severity (Figure 2). These differences
are consistent in both note modalities, being effect
on template-based notes being more pronounced
than in raw notes. This means that models are lin-
guistically surprised by counterfactuals even when
not trained for a downstream task. GPT-OSS-120B
shows a substantially larger APPL than the other
models, suggesting heightened sensitivity or insta-
bility to counterfactual perturbations.

4.2 Task-specific

Vital signs. We observe behavioral differences in
the presence of downstream tasks (Figure 3). As
with perplexity, KL also often scales with severity
shifts in several models. However, the behaviors
are more heterogeneous, GPT-4.1-mini presenting
a monotonic increase, and Meditron3-Phi4-14B
and OpenBioLLM-70B almost flat response. More-
over, GPT-OSS-120B again exhibits substantially
a larger KL shift than the other models. LLM per-
formance on template-based data, in both tasks,
is comparable to standard machine learning mod-
els (i.e., see Table 3 and Table 6 in § A.7.2). For
mortality prediction, class imbalance impacts the
performance of both classical machine learning and
LLM-based models. Overall, we note that using
templates 1) improves accuracy, 2) increases the
percentage of correct directional responses across
both mortality and LoS tasks (Table 3), and 3) am-
plifies behavioral sensitivity in terms of KL and
categorical prediction shifts. Medical and reason-
ing models often show lower KL, suggesting a more
conservative overall behavior. Moreover, general-
purpose models achieve higher task performance
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Figure 2: Average per-token APPL across counterfactual severity shifts. APPL grows with both increasing and
decreasing severity, indicating consistent linguistic sensitivity. In (a) GPT-OSS-120B was excluded due to its
substantially higher APPL (2.5 £ 5.1). We observe the same pattern in (a) and (b) with higher effects in template
notes. Except GPT-OSS-120B that inversely, presents a smaller response in raw notes. GPT-4.1-mini is omitted
because we could not obtain per-token log probabilities for this model.
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Figure 3: Average KL across counterfactual severity
shifts for LoS task (raw notes). Models show differ-
ent behaviours. GPT-4.1-mini, GPT-OSS-120B and
LLaMA-3.3-Instruct-70B show larger KL shifts than
other models.

(especially on mortality) and exhibit greater sensi-
tivity. GPT-OSS-120B shows consistently better
performance and higher sensitivity to perturbations.

Demographics. Demographic perturbations also
yield consistent, statistically significant effects (Fig-
ure 5). As expected, age shows the strongest influ-
ence: older age groups are associated with longer
predicted LoS across models, even under minimal
textual edits.

Gender and race effects are smaller on average
but still affect boundary decisions, with flip rates
Flips(%) up to 23%. Although most demographic
comparisons are statistically significant, “Older
adults” age for several models, and “White” for
DeepSeek-R1-Distill-70B, and “Other/Unknown”,
“Black” and “Asian and Pacific” races for GPT-OSS-

Model Acc. F1 AKL+std %CD %Flip %Mono

Mortality prediction, raw notes

Phi4-14B  0.28 0.26 0.00 & 0.01 73.1 0.9 100.0
Meditron3-Phi4-14B  0.41 036 0.004+0.00  69.8 0.6 100.0
DeepSeek-R1-Distill-70B  0.60 0.48 0.00 £ 0.01 72.4 1.8 100.0
LLaMA-3.3-Instruct-70B  0.71  0.54 0.97 £ 2.31 69.5 15.0 62.5
OpenBioLLM-70B  0.82 0.62 0.01 £0.02  54.8 4.0 75.0
Qwen-2.5-Instruct-72B  0.67 0.52 0.01£0.04  69.7 1.4 100.0
GPT-OSS-120B 0.88 0.63 0.06+0.12  64.6 4.1 100.0
GPT-4.1-mini  0.62 0.50 0.184+0.32 629 7.1 875

Average 0.62 049 0.15+0.35 67.1 44 90.6

Mortality prediction, template-based notes

Phi4-14B  0.73 0.53 137+ 1.07  90.1 324 100.0
Meditron3-Phi4-14B  0.84 0.57 0.2240.14  90.9 26.6 100.0
DeepSeek-R1-Distill-70B  0.81 0.54 036+0.15  90.7 25.0 100.0
LLaMA-3.3-Instruct-70B  0.78 0.53 3.41+1.93 88.3 29.5 87.5
OpenBioLLM-70B  0.92 0.58 0.17 +£0.08 824 10.4 87.5
Qwen-2.5-Instruct-72B  0.89 0.59 1.114+0.50 89.73 16.3 100.0
GPT-OSS-120B 093 048 0.21+024 824 1.6 75.0
GPT-4.1-mini  0.83 0.56 3.86 & 2.43 88.3 33.3 87.5

Average 0.84 0.55 1.34+0.82 87.9 21.9 92.2

Length-of-stay prediction, raw notes
Phi4-14B  0.26 0.19 0.00 £ 0.01 71.1 1.6 100.0

Meditron3-Phi4-14B  0.27 021 0.004+0.00  69.8 1.9 100.0
DeepSeek-R1-Distill-70B  0.28 0.17 0.004+0.00  68.4 0.8 100.0

LLaMA-3.3-Instruct-70B  0.31 0.28 0.02+0.07  70.5 23 87.5
OpenBioLLM-70B  0.29 0.25 0.00+0.00  62.5 2.0 87.5
Qwen-2.5-Instruct-72B ~ 0.30  0.21  0.00 £ 0.01 65.6 1.3 100.0
GPT-OSS-120B  0.28 0.19 0.06 £0.13 57.6 6.1 100.0
GPT-4.1-mini  0.30 025 0.12+0.23  56.2 11.3 87.5

Average 029 0.22 0.03+£006 652 34 95.3

Length-of-stay prediction, template-based notes
Phi4-14B 023 0.19 0.62+0.43 89.5 36.9 100.0

Meditron3-Phi4-14B 0.23 0.20 0.13+0.06  91.2 38.1 100.0
DeepSeek-R1-Distill-70B  0.27 0.16 0.034+0.02  77.5 9.1 100.0

LLaMA-3.3-Instruct-70B  0.26 0.17 323 £1.53 88.3 329 87.5
OpenBioLLM-70B  0.25 0.15 0.02+0.01  81.5 19.0 87.5
Qwen-2.5-Instruct-72B  0.28 0.22 087+ 044 815 293 100.0
GPT-OSS-120B 0.28 0.17 0.51+024 512 27.2 75.0

GPT-4.1-mini  0.24 0.17
Average 026 0.18

349+159 869 39.8 87.5
1.11+£0.54 810 29.0 92.2

Table 3: Performance and behavioral metrics across note
types and tasks (excluding precision/recall; see Table 7).
Orange: medical LLM; blue: reasoning-oriented; white:
general-purpose; gray: averages. Highest values are
bolded and lowest underlined within each block.
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Figure 4: Expected AE(y!°|-) in hours (a) and probability of mortality AE(y™°"|) (b) as a function of counterfactual
severity shift. Positive severity shifts are expected to increase predicted LoS and mortality risk, while negative
shifts are expected to decrease them. Most models follow a monotonic trend, indicating clinically aligned responses
to vital sign counterfactuals. LLaMA-3.3-Instruct-70B was omitted due to its substantially larger response that

dominates the scale, see § A.7.2.

120B, do not differ significantly from the remaining
demographic groups.

Across models, DeepSeek-R1-Distill-70B and
Qwen-2.5-Instruct-72B remain the most robust
models, showing the lowest AE(y°*|-) and smaller
flip rates. In contrast, Phi4-14B and GPT-OSS-
120B produce the largest shifts for race and gender.
Race-related effects are slightly larger on average
than gender effects, and when significant, most
models predict shorter LoS for female, Asian and
Pacific, and White patients, and longer LoS for
Black patients, aligning with known healthcare dis-
parities (Macias-Konstantopoulos et al., 2023).

5 Related Work

LLM:s are increasingly used in clinical settings, mo-
tivating a growing body of work on their robustness,
fairness, and interpretability. Lee et al. (2025) an-
alyzed model robustness to distribution shifts and
missing data in patient triage, finding that while
LLMs outperform traditional models, they exhibit
demographic biases. Van Aken et al. (2021a) simi-
larly showed that models with comparable AUROC
scores can behave differently when evaluated for
sensitivity to age, gender, and ethnicity. Zack et al.
(2024) and Zhao et al. (2024) further demonstrated
that GPT-4 and other LLMs often favor majority
groups and yield less accurate predictions for mi-
norities, reinforcing existing disparities.

Beyond fairness, several studies probe ro-
bustness through controlled input perturbations.
MacPhail et al. (2024) introduced template-based
tests for adverse drug event classification, reveal-

ing inconsistent performance even among models
with similar discrimination. Kougia et al. (2024)
showed that biomedical LLMs frequently fail at or-
dering events, compromising reliability in decision
support. Likewise, Altinok (2024) and Aguiar et al.
(2024) employed natural Language inference-based
consistency and faithfulness, uncovering substan-
tial variance across closely related models.

While these studies highlight the limits of tra-
ditional evaluation, most rely on structured tem-
plates, leaving raw clinical text largely unexam-
ined. Behavioral testing offers a complementary
approach, constructing minimally differing coun-
terfactuals and checking the consistency of model
input-output responses (Beizer and Wiley, 1996).
Originally proposed in software engineering, it has
since been adapted to NLP (Ribeiro et al., 2020),
vision-and-language (Parcalabescu et al., 2022),
and video-and-language tasks (Kesen et al., 2024).

6 Discussion

Task-specific vs. Task-independent. Even with-
out task supervision, models respond systemati-
cally to increasing counterfactual severity. Per-
plexity shifts increase according to severity levels
(Fig. 2), indicating that models internally register
perturbations as increasingly improbable language
events. This supports the use of task-agnostic be-
havioral probes as an early diagnostic signal of
reasoning sensitivity.

Template-based vs. Raw notes. Templates
amplify sensitivity to vital sign changes (Table
3), as shown in higher KLs—e.g., 0.15 (raw) —
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Figure 5: AE(y}*|-) and F1lips(%) by demographics. Age produces the largest and most significant shifts, while

K2

race and gender effects are smaller but consistent. Blank cells denote non-significant t-test comparisons (p<0.05).

1.34 (templates)—and Flips(%), e.g., 4.4—21.9%
(mortality) and 3.4—29.0% (LoS). On average,
templates increase correct directionality of predic-
tions %CD (67.1—87.5% mortality, 66.5—79.9%
LoS). We hypothesize that the absence of contex-
tual information forces the model to rely more ex-
plicitly on vital signs. In contrast, raw notes with
contextualized reasoning causes importance of vi-
tals to be diluted by other information, potentially
under-weighting important physiological changes.
Medical vs. General vs. Reasoning LLLMs. Med-
ical models show minimal sensitivity when evalu-
ated on raw notes, likely reflecting conservative pri-
ors learned from biomedical corpora, and a prefer-
ence for holistic interpretation of full clinical notes.
Their consistently high %Mono indicates close align-
ment with clinical expectations. When applied to
template-based notes their stability decrease and
we observe higher F1ips (%), e.g., Meditron3-Phi4-
14B achieves 38.1% for LoS.

General-purpose models show high sensitivity,
which amplifies further under templates. However,
this is not consistently accompanied by correct di-
rectional or monotonic reasoning, revealing insta-
bility despite competitive accuracy.

DeepSeek-R1-Distill-70B shows a modest sensi-
tivity compared to medical models even in template
settings, while maintaining high directionality and
monotonicity. It favors smaller but calibrated shifts,
consistent with expected physiological reasoning.
Demographic Variables. Demographic attributes
subtly but consistently affect predictions. While

mean LoS shifts for gender and race were small,
elevated flip rates near decision boundaries (Fig. 5)
raise fairness concerns. Consistent prediction pat-
terns across gender and races for most models sug-
gest that pretraining biases are pervasive, reinforc-
ing the need for demographic auditing in clinical
LLM evaluation.

7 Conclusion

In this work, we introduce DeVisE with clinically
meaningful counterfactuals. We show that the be-
havioral testing of vital signs and demographic vari-
ables with counterfactuals provides insights into
LLM behavior not captured by standard metrics.
Vital sign perturbations consistently induce mono-
tonic and directionally correct shifts in downstream
predictions, indicating that models internalize phys-
iological severity, but with substantial variation in
sensitivity and stability across architectures. Demo-
graphic perturbations produce smaller yet system-
atic effects, even near decision boundaries, reveal-
ing persistent biases that align with known health-
care disparities.

Overall, our results highlight the importance
of evaluating not only task performance, but how
LLMs respond to clinically meaningful changes in
patient information. We believe DeVisE is a step to-
ward more robust, interpretable, and fairness-aware
evaluation of clinical LLMs.
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Limitations

Datasets and languages. We use MIMIC-1V, a
large publicly available dataset including patients
from a single hospital in the US. We see our work
as an important step towards a clinically grounded
behavioural testing of medical LLMs. We believe
that important future work lies in further validating
the generalisability of our framework in terms of
other languages and healthcare systems.

Clinical variables. In this work, we do not cover
an extensive range of model capabilities and focus
instead on demographic and vital sign variables,
focusing on demographic biases and assessing nu-
merical reasoning. We leave other relevant aspects,
such as evaluating the temporal reasoning of LLM:s,
to future work.

Missingness in clinical data. Clinical data is
inherently affected by missingness, where absent
measurements may reflect clinical practice. Al-
though our analysis includes records with missing
values and thus reflects realistic data conditions, ex-
plicitly assessing the impact of missingness versus
observed inputs on model behavior was beyond the
scope of this work.

Severity shifts and counterfactual sampling.
Severity shifts are treated symmetrically in our
analysis, such that very low and very high values
correspond to the same absolute shift (+2), despite
potentially differing clinical effects (e.g., on length
of stay). Additionally, counterfactual values are
sampled uniformly within severity bins, which can
yield rare values in extreme bins. Future work
should explore alternative sampling strategies bet-
ter aligned with empirical distributions.

Number of counterfactuals. Some vital signs,
such as oxygen saturation and respiration rate, had
limited value ranges, resulting in fewer than five
unique counterfactuals due to the small number of
non-redundant available values.

Despite these limitations, our proposed frame-
work is relevant and we see it as the first step to-
wards clinically-grounded evaluation of LLMs for
healthcare. While not exhaustive, our framework
highlights biases and reasoning gaps paving the
way to safe deployment of medical LLMs.
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A.1 Raw Clinical Note Examples

Correct Discharge Note (Raw).

PRESENT ILLNESS: The patientisa ___ year-old fe-
male with a history of NSCLC (stage IV) who presents
with shortness of breath. (...)

MEDICAL HISTORY: CAD s/p Ml ___, s/p CABG ___,
Hypertension, Dyslipidemia, CVA: small left posterior
frontal infarct in ___, Macular Degeneration, NSCLC-
stage IV. (...)

MEDICATION ON ADMISSION: amlodipine 5 mg, ator-
vastatin [Lipitor] 80 mg, calcitriol 0.25 mcg, clopidogrel
[Plavix] 75 mg, folic acid 1 mg, furosemide 40 mg. (...)
ALLERGIES: Codeine
PHYSICAL EXAM: On Admission: Vitals: T: 96.9, BP:
118/51, HR: 94 , RR: 18, O2Sat: 94% on 5L with face
tent.

FAMILY HISTORY: Father died of CAD; mother had
stomach cancer and osteosarcoma.

SOCIAL HISTORY: __ .

Counterfactual Discharge Note (Raw). Iden-
tical to the correct note, except for the heart rate
in PHYSICAL EXAM, which is replaced by HR: 120
instead of HR: 94. We do not reproduce the entire
note to avoid clutter.

A.2 Template-based clinical note examples

Correct Discharge Note (Template). The original
discharge note example shown in template-based
format:

Age: 67

Gender: F

Ethnicity: White

Vitals:

Heart Rate: 94

Blood Pressure: 118/51
Respiration Rate: 18
Temperature: 96.9
Oxygen Saturation: 94%

Counterfactual Discharge Note (Template).
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Age: 67

Gender: F

Ethnicity: White

Vitals:

Heart Rate: 120

Blood Pressure: 118/51
Respiration Rate: 18
Temperature: 96.9
Oxygen Saturation: 94%

A.3 Extraction of vital signs Specification

To extract vital signs from unstructured clinical
notes, we use a few-shot prompt applied to the
PHYSICAL EXAM section of each note. The model
is instructed to extract the vital signs when present.

Prompt template:

You are a clinical information extraction assistant. Your
task is to extract the vitals from the PHYSICAL EXAM sec-
tion of a clinical note.

* Temperature

¢ Heart Rate (or Pulse)

* Blood Pressure

* Respiration Rate

¢ Oxygen Saturation
The vitals text may present these values in various formats.
Example Input 1:

{"subject_id":"12345","hamd_id": "abcde", "sectio
< n":"PHYSICAL EXAM" 6 "content":"Vitals: T 97.7,
— HR 110, BP 99/62, RR 25, 02 99%"}

Example Output 1:

{"subject_id":"12345","hamd_id": "abcde"”, "vitals
— ":{"temperature”:"97.7","heart_rate":"110", |
— "blood_pressure”:"99/62","respiration_rate"
— :"25","oxygen_saturation”:"99%"}}

Example Input 2:

{"subject_id":"12347","hamd_id": "abcde", "sectio
< n":"PHYSICAL EXAM" 6 "content”:"T 98.2, P 117,
— 02 97%"}

Example Output 2:

{"subject_id":"12347","hamd_id": "abcde"”, "vitals
— ":{"temperature”:"98.2","heart_rate":"117", |

n,nun n n,nn n

< "blood_pressure”":"", "respiration_rate”:"",

< oxygen_saturation”:"97%"}}

IMPORTANT: Return ONLY the JSON object and nothing
else.

A.4 Clinical guideline-based severity scales

The goal of the severity scale is to create a stan-
dardized categorical representation of vital signs
that enables aggregation, comparison, and interpre-
tation across variables and experiments. Vital signs
differ substantially in their numerical ranges, units,
and clinical interpretation. To support a unified
counterfactual evaluation framework, we map each

Variable Value Missing (%)
Sex M/ F) 55.2% 1 44.8% 0%
Race White: 69.1% 0%
Other/Unknown: 13.2%
Black: 10.2%
Asian/Pacific: 4.0%
Hispanic/Latino: 3.5%
Age (years) 63.64 +16.85 0%
Temperature (°F) 97.10 £ 7.69 27%
Heart rate (bpm) 83.86 £20.47 5.7%
Respiration rate (bpm) 18.93 + 5.38 12%
Oxygen saturation (%) 96.99 + 3.49 5.1%
Systolic BP (mmHg) 128.90 + 24.15 4.3%
Diastolic BP (mmHg) 71.03 + 15.46 4.3%

Table 4: Cohort-level statistics used for counterfactual
testing, including demographics, vitals, and percentage
of missing values.

continuous vital sign to a shared set of severity cate-
gories (very low, low, normal, high, very high).
This standardization allows results to be aggre-
gated across vital signs while preserving clinically
meaningful magnitude and directionality of change.
We manually derive severity ranges for each vital
sign from established clinical guidelines (Infectious
Diseases Society of America, 2003; Royal Col-
lege of Physicians, 2017; Society of Critical Care
Medicine, 2015; World Health Organization, 2016;
Society of Critical Care Medicine, 2021; Ameri-
can Heart Association, 2024). These variables are
widely used in early warning, with ranges chosen to
reflect clinically interpretable transitions between
physiological states rather than precise diagnostic
cutoffs. The resulting categories therefore repre-
sent suitable severity levels for the understanding
of behavioral analyses.

A.5 Full Population Statistics

Table 4 presents cohort statistics, including demo-
graphics, vitals, and missing data percentages.

A.6 Zero-shot prompts

We evaluate models in a zero-shot setting on two
downstream tasks: ICU length-of-stay (LoS) pre-
diction and mortality prediction.

ICU length-of-stay (LoS) prediction. Models
are asked to predict the LoS class based on the
patient’s admission note.

You are an expert in ICU length-of-stay prediction. Based
only on the patient’s admission note, predict in which ICU
length-of-stay bucket the patient will fall.

We divide ICU length of stay (for stays > 24 hours) into 4
groups:

e [[1]] Very short stay (24 to 38 hours)
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* [[217 Short stay (39 to 59 hours)
* [[3]1] Moderate stay (60 to 112 hours)
* [[4]1] Long stay (113 to 657 hours)

Return only the bucket in double brackets: [[1]], [[2]1],
[[311, or [[411.

In-hospital mortality prediction. Models are
asked to predict whether the patient will die during
the hospital admission.

You are an expert in ICU mortality prediction. Based only
on the patient’s structured admission note, predict whether the
patient will die before ICU discharge.

Return only the target value in double brackets:

e [[0]] for survival
e [[11] for death

A.7 Results

A1

Table 5 summarizes the LLMs used, including
model type, domain, and background info on train-
ing.

Model Specifications

A.7.2 Additional results

Here we present results of additional experiments
and for all models. We first report experiments
for standard machine learning models—Ilogistic
regression (LR), XGBoost, random forest (RF)—
when trained on template-based data in Table 6.
We observe similar performance between LLMs
and these machine learning models on both tasks.

In Table 7 we report precision and recall per
model, task and note modality.

In Figure 6 we report task-independent exper-
iments with LLMs, including GPT-OSS-120B.
GPT-OSS-120B shares the same behavior as other
LLMs, but with a higher magnitude.

In Figure 7 we report change probability of mor-
tality as a function of coun- terfactual severity shift,
including LLaMA-3.3-Instruct-70B. This model
presented a considerably higher effect than other
models and with a different behaviour, overreacting
to vital sign perturbations, even whenthe severity
stayed the same as the original.

APPL
N

0

-2 2

-1 0 1
Counterfactual severity shift
—— DeepSeek-R1-Distill-70B —— Meditron3-Phi4-14B

GPT-0SS-120B —— Meditron3-Phi4-70B
—— LLaMA-3.1-Instruct-70B —— OpenBiolLLM-70B

Figure 6: Average per-token APPL across counterfac-
tual severity shifts (raw notes). APPL grows with both
increasing and decreasing severity, indicating consis-
tent linguistic sensitivity. GPT-OSS-120B presents a
substantially higher effect (2.5 & 5.1). GPT-4.1-mini
is omitted because we could not obtain per-token log
probabilities for this model.

X "
o1
S
1=
) —
5 0.0 EE—————
<
-2 -1 0 1 2

Counterfactual severity shift
—— DeepSeek-R1-Distill-70B —— Meditron3-Phi4-14B
GPT-4.1-mini —— Meditron3-Phi4-70B
—— GPT-0SS-120B OpenBioLLM-70B
—— LLaMA-3.1-Instruct-70B —— Qwen-2.5-Instruct-70B

Figure 7: Change of probability of mortality as a func-
tion of counterfactual severity shift. Positive severity
shifts are expected to increase predicted mortality risk,
while negative shifts are expected to decrease it. Most
models follow this monotonic trend, indicating clini-
cally aligned responses to vital sign counterfactual per-
turbations.
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LLM Base LLM #Params. Domain Notes

OpenBioLLM Llama-3.3-70B- 70B  Biomedical Outperforms GPT-4, Gemini, Med-

(Ankit Pal, 2024) Instruct itron, and Med-PalLM-2 on biomed-
ical benchmarks.

Meditron3-Phi4 Phi-4 14B  Biomedical Finetuned version of Phi-4 on med-

(OpenMeditron, 2025) ical corpora.

Phi 4 Phi-4 14B  General-purpose Trained for efficient language un-

(Abdin et al., 2024) derstanding and reasoning.

Llama 3.3 Instruct Llama-3.3-70B- 70B  General-purpose Instruction-tuned. Strong perfor-

(Grattafiori et al., 2024)  Instruct mance on general reasoning and
text-based tasks.

DeepSeek R1 Distill Llama-3.3-70B- 70B  General-purpose Distilled from DeepSeek-R1 using

(Guo et al., 2025) Instruct (reasoning-focused) Llama 3.3-70B-Instruct; optimized
for multi-step reasoning.

Qwen 2.5 Instruct Qwen-2.5-72B- 72B  General-purpose Strong open-source baseline, with

(Team, 2024) Instruct competitive performance relative to
other large instruction-tuned LLMs.

GPT OSS GPT-0OSS-120B 120B  General-purpose Open-weight GPT model. Large-

(OpenAl, 2025) scale alternative to proprietary
LLMs, enabling comparison be-
tween open and closed models.

GPT 4.1 mini GPT-4.1-mini N/A  General-purpose Proprietary model serving as a

(OpenAl(gpt-4.1-mini), lightweight reference for commer-

2025) cial systems, included to contrast

open-weight models.

Table 5: List of large language models (LLMs) evaluated in this study, including architecture, domain specialization,
and training context.

Model Prec Rec
Mortality — raw notes
DeepSeek-RI-Distill-70B 0.55 0.69
GPT-4.1-mini 0.56 0.73
GPT-0SS-120B 0.61 0.67
LLaMA-3.3-Instruct-70B  0.57 0.73
Meditron3-Phi4-14B 0.54 0.64
OpenBioLLM-70B 0.60 0.74
Phid-14B 0.53 0.58
Qwen-2.5-Instruct-72B 0.56 0.72
Average 0.57 0.69
Mortality — template-based notes

DeepSeek-R1-Distill-70B 0.54 0.59

GPT-4.1-mini 0.55 0.59

GPT-0SS-120B 0.47 0.50

LLaMA-3.3-Instruct-70B  0.54 0.59

Meditron3-Phi4-14B 0.56 0.60

OpenBioLLM-70B 0.63 0.57

Mort LoS Phid-14B 0.54 0.63

Model Ace. F1 Prec. Rec. Acc. F1 Prec. Rec. Sxir;ééS—lnstmct-72B 8;2 8gg

LoS -raw

LR 065 021 0I3 066 - - - - DeepSeek-RT-DistI=70B 026 0.26

XGBoost 0.74 022 0.4 052 029 029 030 029 GPT-4.1-mini 0.34 032

RE ! . ! ! 28 02 28 02 GPT-OSS-120B 029 027

093 000 000 000 028 028 028 028 LLaMA-3.3-Instruct-70B  0.30 0.31

Meditron3-Phi4-14B 021 0.28

. . OpenBioLLM-70B 0.30 0.28

Table 6: Baseline performance for mortality (Mort) and PEieiAn 052 028

_af- . P : . _ Qwen-2.5-Instruct-72B  0.36 0.29

length-of-stay (L'oS). LR: Loglstlc regression. RF: Ran Average 029 029
dom forest. LR is not applicable to LoS (shown as —). LoS - template -

DeepSeeE—R -DIS 1”»703 022 UZE)

GPT-4.1-mini 0.25 0.26

GPT-0SS-120B 0.19 0.26

LLaMA-3.3-Instruct-70B  0.25 0.24

Meditron3-Phi4-14B 0.17 0.24

OpenBioLLM-70B 0.16 0.24

Phid-14B 0.18 0.23

Qwen-2.5-Instruct-72B  0.28 0.28

Average 0.21 0.25

Table 7: Precision and recall for each model variant
across note types and tasks. Orange: medical LLM;
blue: reasoning-oriented; white: general purpose; gray:
averages per block.
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