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Abstract

Pediatric sepsis diagnosis remains a major clinical challenge due to non-specific symptoms and a lack of reliable
diagnostic criteria. Large language models (LLMs) provide a scalable solution for processing and understanding
unstructured text in medical records. However, identifying the most suitable model is non-trivial given the rapid growth
of available LLMs. In this work, we proposed using in-context pointwise V-usable information (pvi) to estimate task
difficulty and guide model selection for pediatric sepsis cohort detection. We applied in-context pvi to estimate task
difficulty and inform model selection across 12 state-of-the-art open LLMs on the task, using electronic medical record
data from 507 patient encounters at a U.S. children’s hospital. We compared the performance of the best-fitting
LLM to feature-rich baseline models and a fine-tuned transformer. Our results show that the pvi-selected LLM
outperforms the baselines, although the feature-rich bag-of-words model with a support vector machine also achieves
competitive performance. We believe our approach demonstrates a promising application of current LLM techniques

to high-stakes clinical tasks.
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1. Introduction

Sepsis is a life-threatening condition resulting from
the body’s dysregulated immune response to in-
fection, often progressing rapidly to multi-organ
failure and death (Singer et al., 2016; Rudd et al.,
2020). In high-income countries, sepsis accounts
for an estimated 31.5 million cases annually, in-
cluding 19.4 million severe cases and 5.3 million
deaths (Hotchkiss et al., 2016). Diagnosis of pedi-
atric sepsis is particualarly challenging, as children
exhibit more subtle and non-specific early symp-
toms (Watson et al., 2024). Importantly, diagnostic
criteria developed for adults often fail to capture
the early indicators of pediatric sepsis (de Souza
et al., 2024). Although epidemiologic diagnostic
criteria based on objective measures of organ dys-
function are emerging (Schlapbach et al., 2024),
clinical utility of these criteria remains controversial
(Rodriguez and Deep, 2024). Furthermore, sepsis
criteria — especially those based on the Electronic
Medical Records (EMR) structured data alone such
as billing codes, lab results and medication orders
— rely on a tradeoff between enough recall to cap-
ture most sepsis cases but enough precision to
identify a cohort with mortality high enough that it
reflects the life-threatening nature of sepsis (Rhee
et al., 2019). Thus, nuanced interpretation of lon-
gitudinal EMR clinical narratives is critical. This
gap highlights an opportunity for natural language

processing (NLP) methods to enhance identifica-
tion of patients with sepsis by leveraging the rich
contextual information embedded in EMR clinical
narratives.

Large language models (LLMs) have demon-
strated strong few-shot learning capabilities and
can perform a wide range of NLP tasks via in-
context learning (Naveed et al., 2023; Chang et al.,
2024). Their adaptability has attracted growing in-
terest in the biomedical domain, leading to a variety
of early evaluations and applications across clinical
and research settings (Gilson et al., 2023; Zuccon
and Koopman, 2023; Chen et al., 2023; Lyu et al.,
2023; Singhal et al., 2023; Chen et al., 2024; Liévin
et al., 2024; Rider et al., 2025; Shool et al., 2025).
For sepsis, recent studies applied GPT4 and open
LLMs for early sepsis detection (Shashikumar and
Nemati, 2024) or to construct time series analysis
for sepsis care (Noroozizadeh and Weiss, 2025).
LLMs have also been explored as components of
agent-based clinical support systems, aimed at en-
hancing diagnostic accuracy, guiding treatment de-
cisions, and facilitating coordinated patient care
(Cho et al., 2025). However, these efforts raise the
question of which LLMs are best suited for the task
in a field with frequent introductions of new LLMs or
updates of existing ones. Given this growing num-
ber of available models, exhaustively evaluating all
candidates is both time- and resource-intensive. It
is particularly challenging for high-stakes applica-
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tions such as pediatric sepsis cohort identification,
where rapid decision-making is essential in real
clinical settings.

In this work, we propose to utilize pointwise V-
usable information (pvi) (Ethayarajh et al., 2022)
and its in-context learning extension (Lu et al.,
2023) to measure the usable information of the pe-
diatric sepsis identification task given a collection
of LLMs, thus selecting the most suitable model.
pvi (Ethayarajh et al., 2022) estimates the difficulty
of data instances for a given model in supervised
learning. It builds on the predictive V-information
framework (Xu et al., 2020) which incorporates mu-
tual information and the coefficient of determina-
tion to quantify data instance difficulty. The metric
applies instance-level predictions to quantify how
much information a given model can extract from a
dataset. The higher the pvi estimate, the easier it is
for the model to represent a given data point. In our
work, we utilize the recently proposed in-context
pvi (Lu et al., 2023) to measure the difficulty of
the sepsis identification task given a collection of
12 current state-of-the-art (SOTA) open LLMs with
the goal of selecting the best fitting model, i.e., the
model with the highest in-context pvi estimates.
Our contributions are summarized as follows:

» We applied the recent in-context pvi method as
a model selection criterion for pediatric sepsis
cohort detection in EMRs, evaluating a range
of SOTA open LLMs. We compared perfor-
mance against baselines including a feature-
rich method (Support Vector Machine), fine-
tuning a language model, and a code-based
sepsis screening algorithm using structured
EMR data.

» We developed a novel approach to select the
best-matched LLM for pediatric sepsis detec-
tion with only a small number of annotated ex-
amples. Unlike conventional strategies that
rely on large labeled datasets, our method
uses few-shot learning with in-context PVI es-
timates. This contribution is especially impor-
tant as it addresses a high-stakes clinical ap-
plication with limited labeled data and demon-
strates the broader practical utility of recent
advances in language modeling.

2. Related Work

2.1. Sepsis criteria

The recently adopted Phoenix criteria for pediatric
sepsis defines sepsis as suspected infection with a
Phoenix Sepsis Score of at least 2 points on a scale
of respiratory, cardiovascular, coagulation, and/or
neurological system organ dysfunction (Schlap-
bach et al., 2024). Although children meeting these

criteria had over an 8-fold increased mortality com-
pared to children with suspected infection but a
lower Phoenix Sepsis Score, the primary outcome
in the model development and validation paper was
mortality (Sanchez-Pinto et al., 2024), and not a
clinical impression of sepsis that would fit an “inten-
tion to treat” framework. In contrast, the Improving
Pediatric Sepsis Outcomes (IPSO) Collaborative
uses providers’ intention to treat sepsis as the defin-
tion of “suspected sepsis” and a definition parallel-
ing the International Pediatric Sepsis Consensus
Conference definition of severe sepsis (Goldstein
et al., 2005) to define IPSO critical sepsis (Paul
et al., 2023).

Most of the work in the latter domain involves
laborious chart review to ascertain clinicians’ intent
during treatment. While some data, such as med-
ications and other interventions, can be found in
the EMR structured data, clinical reasoning is best
determined from review of the EMR unstructured
clinical narrative. Only the clinical text distinguishes
patients treated with antibiotics, evaluated for pos-
sible infection, and experiencing organ dysfunction.
It indicates whether the dysfunction was present at
baseline and whether sepsis-like treatments were
given for other indications.

2.2. In-context learning

With the rise of LLMs (Brown et al., 2020; Liu et al.,
2023) in-context learning (ICL) has emerged as a
prominent learning paradigm. ICL differs from su-
pervised learning in that it does not involve param-
eter updates through backpropagation. Instead,
it relies entirely on pretrained language models,
using a few exemplars in the prompt while keep-
ing model parameters unchanged (Brown et al.,
2020). This offers an interpretable alternative to
traditional supervised training, and significantly re-
duces the computational overhead (Dong et al.,
2022). ICL has demonstrated strong performance
across a wide range of NLP tasks (Kojima et al.,
2022; Saparov and He, 2022; Srivastava et al.,
2022; Wei et al., 2022a,b). A very recent study sug-
gests that ICL with long-context models benefits
from large demonstration sets (in the thousands)
to reach relatively stable performances (Bertsch
et al., 2025).

Many studies have examined the mechanism of
ICL. For instance, Akytirek et al. (2022) and von
Oswald et al. (2022) analyzed ICL in regression set-
tings and showed that transformer-based models
approximate gradient descent implicitly, drawing
connections to gradient-based meta-learning. Sim-
ilarly, Dai et al. (2022) proposed that ICL functions
as an implicit form of fine-tuning, interpreting it as
meta-optimization where the transformer acts as a
meta-optimizer. Exemplars guide the model to gen-
erate meta-gradients via forward passes, which are
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then integrated into predictions through attention
mechanisms. Empirical analyses further support
that ICL closely resembles fine-tuning in terms of
prediction behavior, representation shifts, and at-
tention dynamics.

2.3. pviand task dataset difficulty

Task difficulty plays an important role in guiding
model design and learning strategies (Torralba and
Efros, 2011; Zhao et al., 2022; Cui et al., 2023), and
has been extensively studied in NLP (Hahn et al.,
2021; Perez et al., 2021; Zhao et al., 2022; Gadre
et al., 2023). As an extension of the predictive V-
information framework (Xu et al., 2020), pointwise
V-usable information (pvi) quantifies instance-level
difficulty by measuring the lack of usable informa-
tion for a given model (Ethayarajh et al., 2022).
Higher pvi scores indicate easier examples for the
model, while lower scores suggest greater difficulty.
PvI has shown utility in dependency quality estima-
tion (Kulmizev and Nivre, 2023), reasoning evalua-
tion (Prasad et al., 2023), intent detection (Lin et al.,
2023), and multi-task learning (Li et al., 2025).

Importantly, Lu et al. (2023) extended pvi to ICL
with LLMs (in-context pvi). Unlike the original pvi,
which relies on fine-tuning a model with input-output
and output-only instances, the in-context variant
uses two few-shot prompts — one with both input
and output, and another with output-only to esti-
mate task difficulty. Empirical results across seven
datasets and eight LLMs show that the in-context
PvI remains stable across different exemplar selec-
tions and shot counts, making it a reliable metric
for assessing task difficulty in ICL given an LLM.
This is especially valuable in settings where curated
training data is scarce and fine-tuning LLMs is con-
strained by computational resources. In this work,
we applied in-context pvi as a proxy for task diffi-
culty to guide LLM selection for the task of pediatric
sepsis detection.

3. Method

Our method consists of two primary stages: (1)
computing in-context pvi estimates across candi-
date models, and (2) selecting and applying the
model with the highest pvi estimate for the task of
sepsis cohort identification.

Figure 1 shows how the original pvi score (Etha-
yarajh et al., 2022) is calculated. Specifically, it
involves fine-tuning a given model G in two dif-
ferent and separate setups indicated by ¢’ and g.
For ¢/, G is fine-tuned with the input-output pairs
{(z4,y:)|(xi,y;) € D}. For g, G is fine-tuned only
using the outputs, {(&,y;)|(x;,y;) € D}. For each
instance in a dataset D, given a model G, a higher
PVI score indicates that the instance x provides

more usable information to the model G.

Algorithm 1 The calculation of PVI estimate

Input: a dataset D, a model G, a test instance (x, y) € D
g'« fine-tune G on {(x;, vi)|(xi, yi) € D}

@ « empty string

g « fine-tune G on {(@, »)|(xi, vi) € D}

PVI(x — y) « — log2 g[@](») + log2 g’ [x](»)

Lo & o =

Figure 1: The calculation of PVI estimate.

Adapted from the original
pvi (Lu et al, 2023) uses two few-shot
prompts, i.e., an input-output  prompt
p = (r1,y1,%2,Y2, ., Tn,Yn,x) and a null-
output prompt p = (9, y1,9,y2,-.-, D, Yn, ), tO
prompt G rather than fine-tuning it. In-context pvi,
denoted as C(z, y), is calculated as Equation (1):

Cla,y) = —logy Glpl(y) +logy GP1(y). (1)

Given the observation that in-context learning re-
sembles fine-tuning (Dai et al., 2022), log, G[p](y)
and log, G[p'](y) are the ICL approximations of
log, g[@](y) and log, ¢’[x](y) in Figure 1.

Unlike the original pvi, the calculation of in-
context pviI is generation-based, producing an out-
put as a sequence of tokens (e.g., [‘not”, “sepsis™)
(Lu et al., 2023). Instead of asking the model to
produce a label prediction such as “not sepsis”, we
assign each label a numerical index and require
numerical indices as outputs given prompt p’ or p
(Tables A.1 and A.2 in Appendix A). This ensures
that the model’s expected output is a single token,
which simplifies the calculation of log, G[p](y) and
logy G[p'](y)-

Based on individual pvi estimates for each in-
stance obtained from a given model G, our pro-
posed method further compares the average and
total pvi values across all candidate models on a
subset of the dataset. The model with the high-
est overall pvi performance is then selected for the
subsequent sepsis inference task and inferencing
on the rest of the dataset. See section 4 for more
details regarding the experiment setup.

Thus, we take advantage of in-context pvi char-
acterstics as reported in Lu et al. (2023) — its con-
sistency and stability across different selections of
exemplars and numbers of shots. This is in contrast
to other metrics such as accuracy and F1 which
stabilize with more data.

PVI, in-context

4. Experimental Setup

4.1.

Our sepsis dataset was collected from screening
records for the IPSO Collaborative at a participating

Datasets
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freestanding children’s hospital in the United States.
The labels thus represent real-world classification
for patients seen in the emergency department (ED)
or intensive care unit (ICU) with potential sepsis.
All patients in the data set met screening criteria
for possible sepsis — receipt of systemic antimicro-
bials and microbiological testing thus presenting
a complex decision-making task with multiple po-
tential diagnosis. Patients were labeled as having
severe sepsis if they met IPSO Critical Sepsis crite-
ria (Paul et al., 2023). Encounter-level labels were
previously assigned by local IPSO Collaborative
screeners as part of that quality improvement ini-
tiative. If ED and ICU screeners disagreed on the
critical sepsis label, the patient encounter was con-
sidered to have had critical sepsis, in keeping with
our encounter-level labeling (e.g., a patient may not
have been considered to have critical sepsis in the
ED, but did in the ICU, and thus had critical sepsis
for the encounter).

The initial dataset included clinical notes from
796 patient encounters, with a total of 87,190 notes
(average word count per note = 709). Notes were
aggregated at the encounter level. For patients with
more than 6,000 words across notes from the given
encounter, we restricted the dataset to those written
from three days before to one day after screening
for possible sepsis, based on time anchors in the
IPSO dataset; patients without anchor information
were excluded. The final dataset included 507 pa-
tient encounters, where each encounter represents
a no/yes critical sepsis (subsequently abbreviated
simply “not sepsis” and “sepsis”) label and could
include multiple clinical notes. We applied strati-
fied sampling based on aggregated note lengths to
divide this dataset into train (60%), dev (20%), and
test (20%) sets. Table 1 shows the label distribu-
tion across the data splits. Table A.3 in Appendix
A reports aggregated word counts per encounter.

Label Input | Train | Dev | Test | Total
Not sepsis Short | 12 4 3 19
Long | 39 16 | 18 73
Sepsis Short | 33 14 | 11 58
Long | 220 | 63 | 74 | 357
Total Short | 45 18 | 14 77
Long | 259 | 79 | 92 | 430

Table 1: Distribution of sepsis labels and input
lengths (SHORT: encounters with clinical notes of
fewer than 6,000 words; LONG: encounters with
clinical notes longer than 6,000+ words).

4.2. Models

Baseline models We compared the performance
of LLMs with two baseline models for the sep-

sis classification task. Our first baseline consid-
ers Support Vector Machines (SVM) with different
text vectorization approaches as baseline models.
SVM with a bag-of-words (BoW) representation is
a widely used baseline model in many NLP tasks.
The model also fits our task, as it can scale ef-
fectively to longer documents without the context
length limitations faced by transformer-based mod-
els. We used the Scikit-learn Python package (Pe-
dregosa et al., 2011) SVM implementation. The
penalty parameter (C) for the LinearSVM classifier
was set to 1. A preliminary comparison between
various text vectorization methods indicated that
term frequency (count vectorization) outperformed
tf-idf, and the inclusion of bigram features further
enhanced SVM classification performance. The
SVM model was trained on the entire training set.
Final results were evaluated on the test set.

We chose Longformer ' (Beltagy et al., 2020),
as the second baseline. The Longformer model
extends the context window of transformer mod-
els like BERT (Devlin et al., 2019) or Roberta (Liu
et al., 2019) following work on techniques such as
blending local and global attention mechanisms
and sliding window attention (Beltagy et al., 2020;
Li et al., 2023). We fine-tuned the model on the
entire training set and performed hyperparameter
tuning on the development set. Specifically, we ex-
perimented with training epochs {5, 6, 7, 8, 9, 10},
random seeds {42, 52, 62, 72, 82}, and learning
rates {1e-5, 2e-5}, using a fixed batch size of 32
and gradient accumulation steps of 2. Final results
were evaluated on the test set.

In addition, we provided a baseline performance
comparison to that of EMR structured data in the
form of International Classification of Diseases
(ICD) codes (World Health Organization, 2024),
which are widely available and commonly used for
EMR-based cohort identification. Specifically, for
all patient encounters included in our study, we ex-
tracted all instances of ICD-9 or ICD-10 codes for
“severe sepsis” or “septic shock” (R65.2, R65.20,
R65.21, 995.92, 785.52). Since diagnostic codes
in our EMR were assigned only at the encounter
level and not linked to specific notes or dates, the
presence of any such code at any point during an
encounter was treated as an indicator of critical
sepsis.

4.3. Setting and evaluation

We evaluated twelve LLMs for model selection
and performance evaluation, including Mistral-7B,

'"We used longformer-base-4096 (148 million param-
eters and token length 4,096). As an academic center,
we do not have access to computational resources nec-
essary to finetune larger language models with billions
of parameters.
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Mistral-8x7B, LLaMA-3 (1B, 3B, 8B, 70B), and
Qwen-3(0.6B, 1.7B, 4B, 8B, 14B, 32B). Encounters
were categorized by input length: SHORT (<6,000
words) and LONG (>6,000 words). Each encounter
text was constructed by concatenating all associ-
ated clinical notes. In-context pvi estimates were
computed for each LLM using two-shot prompts,
aligned with the number of dataset classes and
randomly sampled from the SHORT training set,
applied to the remaining SHORT examples (N =
43). The pvi estimates follow the in-context pvi pro-
cedure outlined in the original study Lu et al. (2023)
through the HuggingFace Transformers API (Wolf
et al., 2020). Figure 2 shows the sample prompt
template used for labeling aggregated encounter-
level notes. Model performance was evaluated
using accuracy, along with weighted precision, re-
call, and F1 scores to account for class imbalance
and emphasize the clinical importance of correctly
identifying sepsis cases.?

<s>[INST] «S5YS»

You are an expert in pediatric sepsis
identification. Below is a clinical document.
Please remember the following clinical context
and answer how likely is the given patient
has sepsis or not? Keep in mind that
patients without sepsis may still present with
symptoms such as tachycardia, and may have
received fluid boluses (e.g., normal saline)
and antibiotics initially.

Here are some examples: of5YSe
$FEWSHOT_EXEMPLARS

Here is the clinical document:

<text>

$ALL_ENCOUTNER_CLINICAL_MOTES

</text> [INST] how likely is the given patient
has sepsis or not?
Please only use
1:sepsis [/INST]

one  word: @:not_sepsis,

Figure 2: Sample prompt template for labeling pe-
diatric sepsis based on aggregated clinical notes
at the encounter level.

2The weighted scores are computed by first calculat-
ing the metric (precision, recall and F1) for each label,
and then averaging them using the support (the num-
ber of true instances for each label) as weights. This
approach adjusts the macro-level average to account
for label imbalance. The weighted calculation can also
result in an F1-score that is not between precision and
recall.

5. Results

5.1. Utilizing the in-context pvi scores to
select the best fitting model

Prior studies have shown that pvi estimates, under
both fine-tuning and ICL are correlated with pre-
diction accuracy (Ethayarajh et al., 2022; Lu et al.,
2023). Note that an in-context pvi estimate is rel-
ative, as pointed out in Lu et al. (2023), a value
by itself is not as important as when compared to
a range. Table 2 presents the in-context pvi esti-
mates alongside performance metrics for the eval-
uated LLMs on the training set with the SHORT in-
puts (N = 43). We used only the SHORT instances
because as we already pointed out above in-context
pvI estimates are sufficiently stable, they show mini-
mal variation across exemplar selections as demon-
strated in Lu et al. (2023), while other metrics, e.g.
F1, accuracy require larger datasets to get stable
estimates. The SHORT inputs from the train set
can be used for reliable evaluation with significantly
lower inference time than having both SHORT and
LONG inputs. We performed a Spearman rank
correlation analysis (Zar, 2005) to evaluate the rela-
tionship between the average in-context pvi scores
and model performance (measured by weighted-F1
scores) among the 12 models. The result revealed
a strong and statistically significant positive associ-
ation (p = 0.699, p-value = 0.011), indicating that
models with higher pvi scores tend to achieve bet-
ter prediction performance. For instance, Mixtral
has the highest average pvi (0.520) and achieves
the highest weighted-F1 score (0.757). Similarly,
Qwen 4B (pvi = 0.095), 8B (Pvi = 0.426), 14B (PvI
= 0.024), and 32B (pvi = 0.214) also show a higher
weighted-F1 scores compared to the other models
with lower pvi estimates. In general, LLMs with pos-
itive in-context pPvi estimates outperform LLMs with
negative in-context pvi estimates (per weighted F1);
note that the ranking of in-context pvi estimates is
not exactly the same as the ranking based on the
other metrics. This result could indicate more sta-
ble estimates for in-context Pvi compared to other
metrics, which was shown to be the case in Lu et al.
(2023) (thus our motivation for using it as a guide
for model selection).

5.2. A comparison between the selected
LLM and baseline models

Table 3 reports the best performance on the test set
of BoW with SVM, the fine-tuned Longformer, and
the best-fitting model based on in-context PVI (Mix-
tral) across different encounter input types (SHORT,
LONG, and ALL which combines both SHORT and
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Model Avg PVl | Sum PVl | Prec. | Rec. | W-F1 | Acc.
Mistral-7B 0.191 8.225 0.702 | 0.651 | 0.669 | 0.651
Mixtral 0.520 22.389 | 0.789 | 0.744 | 0.757 | 0.744
LLaMA-1B -0.054 -2.324 0.694 | 0.581 | 0.608 | 0.581
LLaMA-3B 0.345 14.829 | 0.681 | 0.605 | 0.628 | 0.605
LLaMA-8B -0.088 -3.769 0.754 | 0.581 | 0.604 | 0.581
LLaMA-70B 0.343 14.402 | 0.688 | 0.721 | 0.698 | 0.721
Qwen-0.6B -0.131 -6.101 0.692 | 0.512 | 0.536 | 0.512
Qwen-1.7B -0.614 -26.407 | 0.706 | 0.465 | 0.476 | 0.465
Qwen-4B 0.095 4.091 0.711 | 0.744 | 0.716 | 0.744
Qwen-8B 0.426 18.328 | 0.786 | 0.674 | 0.695 | 0.674
Qwen-14B 0.024 1.036 0.825 | 0.698 | 0.717 | 0.698
Qwen-32B 0.214 8.346 0.803 | 0.721 | 0.738 | 0.721

Table 2: The average and sum of in-context pvi values and model performance on the train set with the
SHORT context input for all the candidate models. Both pvi values and performance metrics are measured
on the SHORT input instances (N = 43). Two instances are used as exemplars and the remaining 43 for

evaluation.
Input | Model Prec. | Rec. | W-F1 | Acc.
Short | BoW+SVM | 0.617 | 0.786 | 0.691 | 0.786
Longformer | 0.617 | 0.786 | 0.691 | 0.786
Mixtral 0.654 | 0.571 | 0.604 | 0.571
Long | BoWw+SVM | 0.756 | 0.804 | 0.751 | 0.804
Longformer | 0.647 | 0.804 | 0.717 | 0.804
Mixtral 0.814 | 0.826 | 0.778 | 0.826
All BoW+SVM | 0.752 | 0.802 | 0.744 | 0.802
Longformer | 0.643 | 0.802 | 0.714 | 0.802
Mixtral 0.749 | 0.792 | 0.758 | 0.792
ICD N/A N/A | 0.632 | 0.614

Table 3: Comparison of model performance on the test dataset across input types (SHORT, LONG, ALL):

accuracy and weighted precision, recall, and F1.

LONG input 3. Overall, performance was higher
on LONG inputs. Mixtral achieved the best results
on the combined test set (ALL), with the highest
F1-score of 0.758 across all inputs and 0.778 on
LONG. In contrast, the fine-tuned Longformer and
BoW+SVM baselines yielded lower F1-scores. The
ICD code-based algorithm achieved an accuracy
of 0.614 and weighted-F1 of 0.632 when evaluated
on ALL test set.

Unlike the BoW+SVM and fine-tuned Longformer
models, which used the full training dataset (304
examples), our approach utilized only the SHORT
subset (45 examples), providing greater efficiency.
Because BoW+SVM and Longformer used the en-
tire training dataset (304 examples), the results re-
ported reflect their best possible performance. Ta-
ble A.4 (in Appendix A) compares BoW+SVM and

SWe conducted independent runs by randomly sam-
pling three sets of two-shot exemplars for the Mixtral
model, applying three random seed values (42, 52, 62)
for Longformer, and testing three C parameter values
(0.1, 0.5, 1) for the SVM classifier. A one-way ANOVA on
weighted F1 scores for long inputs revealed a significant
difference.
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Longformer trained on SHORT alone versus the
combined SHORT+LONG dataset. For BoW+SVM,
using only SHORT consistently reduced weighted
F1 compared to SHORT+LONG. For Longformer,
all cases were assigned to the positive category,
leaving weighted F1 unaffected by training input.
These findings highlight the efficiency and effec-
tiveness of our approach, especially for pediatric
sepsis cohort detection.

To account for the long text in our dataset,
we examined how shot number affects the best-
performing LLM’s performance. Figure 3 presents
results for SHORT, LONG, and ALL inputs across
few-shot settings ranging from 2 to 10 using Mixtral.
Performance was consistently higher for LONG in-
puts, with the largest improvements in weighted F1
scores (Appendix A Table A.5 includes the detailed
performance report). Notably, 2-shot prompting on
LONG inputs achieved the best overall test perfor-
mance (F1 = 0.778), with similarly strong results on
the training set (F1 = 0.781). These findings sug-
gest that even minimal in-context supervision can
be effective when the input context is sufficiently
rich.



Weighted F1 and Accuracy vs. Shots (SHORT, LONG, ALL Inputs)

Lo Weighted F1 o Accuracy
’ SHORT ’ SHORT
LONG LONG
oslh —a— ALL 0.8 —i— ALL
—
w06 > 0.6
o (5}
£ &
)
] L < L
2 0.4 0.4
0.2f 0.2f
0.0 0.0

Figure 3: Sample prompt template for labeling pediatric sepsis based on aggregated clinical notes at the

encounter level.

As the number of shots increases, performance
on LONG inputs generally declines but remains
relatively robust through 6-shot prompting. For
SHORT inputs, performance drops more sharply.
For example, the weighted-F1 score decreases
from 0.757 at 2-shot to just 0.188 at 10-shot. This
pattern may stem from the smaller number of
SHORT instances in our dataset and the difficulty
of shorter contexts in handling longer prompts or
multiple exemplars.

We further compared in-context PVI and
weighted F1 as model selection metrics. Both
metrics identified the same best-performing model
(Mixtral, Table 2). However, they diverged on
the second-ranked model — in-context PVI selects
Qwen-8B while weighted F1 selects Qwen-32B.
There is also a difference in their results: in-context-
PVI-selected Qwen-8B yields 0.685 weighted F1
and 0.651 accuracy, while weighted-F1-selected
Qwen-32B yields 0.677 weighted F1 and 0.642
accuracy on the ALL test set. We believe the in-
context PVI is a more nuanced metric than F1
as it abstracts away the text contributions from
the label distribution. Using a model ranking that
jointly considers F1 and in-context PVI could further
strengthen the model selection process.

5.3. Utilizing the in-context pvi scores to
select exemplars

Hard instances may serve as better exemplars, as
models are already adept at handling easier ex-
amples, which makes them less informative for
demonstration (Lu et al., 2023). To test whether
in-context PVI can guide exemplar selection, we
used the lowest-pvi training instance from each
category as exemplars for the Mixtral model, with
scores computed from an initial set of randomly

chosen exemplars. Low in-context pvi values indi-
cate instances that are particularly challenging for
the model.

Table 4 shows the best overall performance was
still achieved with two randomly selected exemplars.
However, as the number of shots increased, perfor-
mance with random exemplars declined, particu-
larly for SHORT and ALL inputs while pvi-selected
exemplars maintained more stable results, espe-
cially for LONG inputs. These findings underscore
the need to balance exemplar difficulty and in-
put context in complex tasks like sepsis detection.
While difficult exemplars do not always yield the
highest accuracy, in-context pvi offers a useful strat-
egy for stabilizing performance in many-shot set-
tings.

6. Discussion and Conclusion

In this study, we explored a recent task difficulty
measurement specifically geared for LLMs — in-
context pvi — as a model selection criterion for the
high-stakes application of pediatric sepsis cohort
identification using real world EMR data of 507 pa-
tient encounters. We conducted experiment on a
collection of 12 open LLMs for task difficulty es-
timates and model selection. Our experimental
results show that the LLM (Mixtral) selected by in-
context pvi has the best model performance on
our task. The commonly used evaluation approach
normally compares candidate models on the full
training set (N = 304) using metrics such as F1,
requiring substantial labeled data. In contrast, our
approach identifies the best-performing model from
a small labeled subset (N = 43), leveraging the sta-
bility and consistency of in-context pvi.

The selected best-performing Mixtral model out-
performed the two widely used baseline models
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Input | Ex. | Shots | Prec. | Rec. | W-F1 | Acc.
Short | Rnd. 2 |0.654|0.571|0.604 | 0.571
4 10.850|0.500|0.518 | 0.500

6 |0.708 | 0.500 | 0.540 | 0.500

8 |0.563|0.286 | 0.286 | 0.286

10 |0.046|0.214|0.076 | 0.214

Low 2 10.654|0.571|0.604 | 0.571

4 10.676|0.429 | 0.464 | 0.429

6 |0.708 | 0.500 | 0.540 | 0.500

8 |0.676|0.429 | 0.464 | 0.429

10 |0.850|0.500 | 0.518| 0.500

Long | Rnd. 2 0.814|0.826 | 0.778 | 0.826
4 10.737]0.609 | 0.648 | 0.609

6 |0.770|0.707 | 0.729 | 0.707

8 |0.742|0.663 | 0.692 | 0.663

10 |0.692|0.304 | 0.295 | 0.304

Low 2 10.762]0.804 | 0.763 | 0.804

4 10.736|0.707 | 0.719 | 0.707

6 |0.761|0.739|0.749 | 0.739

8 |0.787|0.750 | 0.764 | 0.750

10 |0.750|0.739| 0.744 | 0.739

All Rnd. 2 |0.749|0.792 | 0.758 | 0.792
4 10.745|0.594 | 0.635 | 0.594

6 |0.762]0.679|0.707 | 0.679

8 |0.728|0.613|0.650|0.613

10 |0.691|0.292|0.291 | 0.292

Low 2 10.730|0.774 | 0.744 | 0.774

4 10.728 |0.670 | 0.693 | 0.670

6 |0.752]0.708 | 0.725 | 0.708

8 |0.772|0.708 | 0.730 | 0.708

10 |0.752|0.708|0.725 | 0.708

Table 4: Comparison of weighted precision, recall,
F1, and accuracy across exemplar types (Random
vs. Low) for different shot settings (2—10) and input
types using Mixtral on the test dataset. “Low” indi-
cates exemplars with low in-context pvi; “Random”
indicates randomly selected exemplars. Exemplars
were selected from SHORT instances in the train
set, balanced across classes.

BoW+SVM and fine-tuned Longformer particularly
for the LONG and combined ALL input using two
randomly selected exemplars. It also outperformed
the existing ICD-code-based screening algorithm
with absolute improvements of 0.178 in accuracy
and 0.126 in weighted-F1. Error analysis revealed
that the Mixtral model was sometimes misled by
confounding cues, such as cancer (a risk factor
for sepsis but not evidence of sepsis itself) and
asthma (which can produce infection-like symp-
toms), resulting in false positives. However, the
simpler BoW+SVM method still demonstrated com-
petitive performance, especially for SHORT con-
texts, though in practice it requires larger labeled
datasets (in our case, the entire train set) com-
pared to our few-shot prompting approach which

utilized only a subset of the train set. Due to the
complexity of the sepsis detection task where symp-
toms often map to multiple differential diagnoses,
effective contextualization becomes essential. This
may also explain the improved performance on the
LONG inputs of the best performing model in our
task. Future work could explore agentic methods
that combine the strengths of different models via
a summarization agent (Celikyilmaz et al., 2018;
Noroozizadeh and Weiss, 2025).

Motivated by prior studies suggesting that few-
shot ICL may benefit from harder exemplar demon-
strations, we conducted preliminary experiments to
evaluate the effectiveness of pvi scores in selecting
exemplars that enhance sepsis detection perfor-
mance. Our results show that the best-performing
prompt setting still comes from low-shot random
exemplar selection for this task, but using exem-
plars with the lowest pvi scores yields more stable
performance across increasing shot numbers. To
fully leverage the potential of in-context pvi for ex-
emplar selection, we plan to conduct a more com-
prehensive study on efficient exemplar sampling
and selection, such as combining Pvi estimates
with larger demonstrations, exemplar ordering, and
sparse attention mechanisms (Bertsch et al., 2025).
We leave this as a direction for future work.

We believe our study offers a valuable contri-
bution to addressing the challenges of real-world,
high-stakes healthcare tasks and demonstrates the
potential of applying state-of-the-art language tech-
nologies to clinical data. Continued research on
datasets such as ours is essential for identifying
practical use cases and advancing toward real-
world deployment. Important directions include ex-
amining model calibration and understanding how
model outputs can be effectively integrated into clin-
ical workflows. Additionally, extending evaluation
to clinical notes for other types of disorders would
help assess the generalizability of our approach
across subdomains. Such efforts will be critical for
uncovering remaining gaps and enabling broader
clinical adoption of state-of-the-art methods.

Limitations

Our study has some limitations. First, we were
unable to evaluate proprietary models such as the
GPT-4 family of models on the sepsis detection task
due to the lack of access to HIPAA-compliant mod-
els and restrictions on transmitting protected health
information to public APls. Second, our dataset in-
cludes only clinical notes; incorporating additional
data sources such as laboratory text reports as
well as verbalizing the information stored in the
structured part of the may further improve LLM per-
formance, and we plan to include these in future
work. Third, our current analysis focused on us-
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ing LLMs under the ICL setting for pvi calculation
and prompt design. With greater computational
resources, future work could explore fine-tuning
smaller LLMs (e.g., Mistral-7B), as well as evalu-
ating models trained on clinical text or with longer
context windows, to enable a more comprehensive
comparison of modeling strategies for long-input
settings.
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A. Appendix

Table A.1 and A.2 shows examples of prompts used for in-context PVI calculation.

Context: [the clinical notes of specific patient encounter]
Question: Is this (0) not sepsis, or (1) sepsis?

Answer: 0

Context: [the clinical notes of specific patient encounter]

Question: Is this (0) not sepsis, or (1) sepsis?
Answer: 1

Table A.1: An example of a 2-shot input—target prompt for the sepsis task.

Answer: 0

Answer: 1

Table A.2: An example of a 2-shot null-target prompt for the sepsis task.

Mean | Median Max Min

Train | 84,647 | 28,271 1,502,326 | 1,313
Dev | 96,824 | 24,748 | 1,305,950 | 1,454
Test 75,736 | 21,773 938,151 1,674

Table A.3: Summary statistics (mean, median, max, min) of word counts per encounter across splits.

Table A.4 below shows that training SVM on only the SHORT input type led to lower performance
of weighted F1 compared to the SHORT+LONG training dataset (Bow+SVM 0.615 v 0.691, 0.652 v
0.751, 0.648 v 0.744); the results for the Longformer showed that all cases were assigned to the “Sepsis”
category, therefore weighted F1 was not affected.

Test Set | Model (Training) Precision | Recall | Weighted F1 | Accuracy
SHORT | BoW+SVM (all train) 0.617 0.786 0.691 0.786
Longformer (all train) 0.617 0.786 0.691 0.786
BoW+SVM (short train) 0.589 0.643 0.615 0.643
Longformer (short train) 0.617 0.786 0.691 0.786
LONG BoW+SVM (all train) 0.756 0.804 0.751 0.804
Longformer (all train) 0.647 0.804 0.717 0.804
BoW+SVM (short train) 0.652 0.652 0.652 0.652
Longformer (short train) 0.647 0.804 0.717 0.804
ALL BoW+SVM (all train) 0.752 0.802 0.744 0.802
Longformer (all train) 0.643 0.802 0.714 0.802
BoW+SVM (short train) 0.645 0.651 0.648 0.651
Longformer (short train) 0.643 0.802 0.714 0.802

Table A.4: Comparison of model performance on the test dataset across input types (SHORT, LONG,
ALL) using only SHORT training data (short train) versus combined SHORT+LONG training data (all
train).
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Input | Shots | Precision | Recall. | Weighted F1 | Accuracy.
Short 2 0.789 0.744 0.757 0.744
4 0.816 0.659 0.682 0.659
6 0.708 0.615 0.644 0.615
8 0.722 0.351 0.341 0.351
10 0.830 0.278 0.188 0.278
Long 2 0.823 0.757 0.781 0.757
4 0.842 0.641 0.692 0.641
6 0.832 0.722 0.757 0.722
8 0.839 0.494 0.552 0.494
10 0.708 0.354 0.364 0.354
All 2 0.817 0.755 0.777 0.755
4 0.838 0.643 0.690 0.643
6 0.816 0.708 0.743 0.708
8 0.828 0.476 0.529 0.476
10 0.713 0.340 0.336 0.340

Table A.5: Weighted precision, recall, F1, and accuracy across different shot settings (2—10) for SHORT,
LONG, and ALL input types using Mixtral on the train dataset. Few-shot exemplars were randomly selected
from SHORT instances (N = 45), balanced across classes. Performance was evaluated on the remaining
SHORT instances and all LONG instances (N = 259).
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