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Abstract
Sepsis prediction models achieve high accuracy
but go unused at the bedside. Their explanations
cannot answer the questions clinicians actually
ask: which measurement signaled deterioration,
and when? Existing attribution methods score
features but conflate a measurement’s value with
its timing, obscuring trajectories needed for early
action. We introduce Position-aware eXplanation
(PaX), a framework that decomposes each attri-
bution into a “what” score for the measurement
feature and a “when” score for its temporal posi-
tion. Across Mamba, GPT-2, and MedGemma on
PhysioNet and MC-MED, PaX surfaces second-
order early-warning indicators that may signal
early deterioration, improves alignment with clin-
ical expertise, and exposes positional biases ob-
scured by standard attribution methods.

1. Introduction
Sepsis is a leading cause of hospital mortality, often de-
tected only after irreversible organ damage has occurred
(Seymour et al., 2016). While modern machine learning
models can predict its onset hours in advance, their lack
of interpretability remains a barrier to clinical adoption:
without understanding the underlying physiological drivers,
clinicians cannot act on early warnings with confidence
(Yuan et al., 2020; Bomrah et al., 2024). In high-stakes
domain like medicine, explanations must support precise
clinical reasoning and intervention timing, not merely build
trust (Wong et al., 2021; Adams et al., 2022).

Sepsis is a disease of trajectory. A patient’s physiological
evolution over time is more informative than any single
measurement (Zhu et al., 2023). An elevated heart rate, for
instance, is clinically ambiguous in isolation; its significance
depends on whether it is a sudden spike or a gradual rise cou-
pled with declining blood pressure. Effective explanations
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must therefore reflect this longitudinal reasoning.

Yet widely used explanation methods such as LIME (Ribeiro
et al., 2016) and IntGrad (Sundararajan et al., 2017) treat
features independently of their temporal context, creating a
fundamental mismatch with the way sepsis is diagnosed in
practice. This mismatch is amplified by a key property of
modern sequence models: they are highly sensitive to input
order, and reordering a sequence can substantially change
predictions (Liu et al., 2024). Existing feature attribution
methods fail to expose this mechanism, and ignoring posi-
tional effects produces “false positive” attributions. We find
that features measured at admission (t = 0), such as Gender,
often appear highly important in standard LIME explana-
tions simply because sequence models exhibit a known bias
toward the beginning of an input string.

To bridge this gap, we propose Position-aware eXplanation
(PaX), a framework that disentangles a measurement’s clini-
cal identity (“what”) from its temporal position (“when”).
By decomposing attribution into separate feature and po-
sitional scores, PaX reveals higher-order clinical factors—
latent physiological relationships that emerge over time and
are often masked by high-variance raw vitals, such as down-
stream biochemical responses to organ dysfunction. Across
finetuned Mamba (Dao & Gu, 2024), GPT-2 (Radford et al.,
2019), and MedGemma (Sellergren et al., 2025) models
on PhysioNet (Reyna et al., 2019) and MC-MED (Kansal
et al., 2025), this separation surfaces features that align
significantly more closely with expert clinical annotations.

By isolating positional effects, PaX corrects architectural
biases that mislead existing explanation methods, showing
that separating position from feature identity is a require-
ment for faithfulness, not a detail. Our contributions are:

• We introduce PaX, a framework that separates attribu-
tion into clinical measurement and temporal position to
improve faithfulness.

• We propose dual-axis faithfulness tests using insertion
and deletion metrics on feature and position attributions.

• We show that PaX surfaces higher-order sepsis-related
factors aligned with expert clinical reasoning but missed
by existing methods.

• We show that PaX identifies and corrects positional bi-
ases in state-of-the-art sequence models.
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2. Position-aware eXplanation (PaX)
2.1. Preliminaries: Feature Attributions

Feature attribution is a popular paradigm for interpreting
model behavior, assigning an importance score to each input
feature (Doshi-Velez & Kim, 2017). Existing methods typi-
cally answer the question: How important are input features
to the model’s prediction?

To formalize the problem, let x ∈ Rd denote the input to the
model being explained, and let f : Rd → Rm map x to an
output f(x), such as class probabilities or regression values.
Feature attribution methods typically define a perturbation
function g : Rd × [0, 1]d → Rd that produces a perturbed
input x0 = g(x, z), where the reference vector z ∈ [0, 1]d

governs the degree of perturbation: zi = 1 indicates pres-
ence of the i-th feature, while zi = 0 indicates its absence
or replacement by a baseline. While z is often binary, real-
valued references can interpolate between the baseline and
the original input. Attribution methods vary z to generate
perturbations via g, which satisfies g(x,1) = x.

A feature attribution explainer, denoted by E , uses the
perturbation function g alongside the model f and input x
to produce an attribution vector

α = E(f, g, x) ∈ Rd,

where each attribution score αi ∈ R represents the contri-
bution of an input feature xi to the model prediction f(x).
This formulation generalizes a wide range of feature at-
tribution methods, ranging from classic methods such as
LIME (Ribeiro et al., 2016), SHAP (Lundberg & Lee, 2017),
and IntGrad (Sundararajan et al., 2017) as well as newer
and improved approaches (Fumagalli et al., 2023; Zhu et al.,
2024; Kim et al., 2025).

Attributions for Sequence-Structured Inputs. Feature
attributions extend naturally to sequence-structured inputs
common in transformer architectures, where positional
information is typically incorporated through positional
embeddings. A sequential input consists of n elements
(e.g., a sequence of measurements collected over time)
x = (x1, . . . , xn) ∈ Rn×d1 , where each xi ∈ Rd1 is an
element of the sequence. The sequence model is correspond-
ingly defined as f : Rn×d1 → Rm, such as a transformer.

The perturbation function g now takes a reference vector z ∈
[0, 1]n that specifies element-level perturbations, producing
x0 = g(x, z). An explainer then produces an element-level
attribution vector

α = E(f, g, x) ∈ Rn. (1)

where αi quantifies the contribution of the i-th sequence
element xi to the model prediction f(x).

Limitations of Existing Attribution Methods. Modern
sequence models like Transformers and Mamba combine
positional and feature embeddings to capture temporal con-
text (Vaswani et al., 2017; Grattafiori et al., 2024). Clas-
sic feature attribution methods—including LIME (Ribeiro
et al., 2016), SHAP (Lundberg & Lee, 2017), Integrated
Gradients (Sundararajan et al., 2017), and FullGrad (Srini-
vas & Fleuret, 2019)—explain feature effects but cannot
distinguish whether importance arises from a feature’s clini-
cal identity or from positional biases internal to the model.
Recent “time-aware” methods address temporal structure:
TimeSHAP (Bento et al., 2021) masks at the time level for
recurrent models, WindowSHAP (Nayebi et al., 2023) aggre-
gates SHAP over fixed temporal windows, TIMING (Jang
et al., 2025) extends IntGrad to low-dimensional time se-
ries, DeltaSHAP (Kim et al., 2025) examines differences
between successive time steps, and OrdShap (Hill et al.,
2025) quantifies positional importance via feature-order per-
mutations. These approaches extend specific attribution
methods rather than providing a unified treatment.

2.2. The PaX framework

We propose Position-aware eXplanation (PaX), a frame-
work that captures positional effects by treating positional
embeddings as first-class features through an augmented
input representation. Unlike prior work, PaX is general pur-
pose, extending a broad class of attribution methods with
positional attributions without requiring bespoke solutions.

PaX generalizes the standard explanation formulation in
Eq. (1) by incorporating positional information as an im-
plicit input to the model. Let x ∈ Rn×d1 and p ∈ Rn×d2

denote a sequence of features and positions, where the i-th
element is represented by a feature vector xi and an as-
sociated position pi. Let E(f, g, x) be a general feature
attribution method as defined in (1). The key idea is to
construct position-aware versions of the input x′, model f ′,
and perturbation function g′ such that E(f ′, g′, x′) produces
both feature and positional attributions jointly.

PaX Inputs. The first step is to explicitly formulate an
augmented input with positional information:

x′ := (x, p) ∈ Rn×(d1+d2),

which jointly represents feature content and positional in-
formation. For simplicity, one can assume positions are
represented as explicit vectors, such as positional embed-
dings in a transformer architecture. However, the proposed
framework is compatible with implicit positions inferred
from the architecture, which is expanded upon later.

PaX Models. The expanded input x′ requires an adjustment
to the formalization of the model being explained:

f ′ : Rn×(d1+d2) → Rm, f ′(x′) := f ′(x, p) = f(x).
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Here, positional information p is treated as explicit “feature”
alongside the standard input x to the model f ′. When p
matches the positional information used internally by f , this
reduces to a standard forward pass f(x).

PaX Perturbations. The final component is the perturba-
tion function g′, which must perturb both the features x and
positions p in the augmented input x′. Let z′ = (zx, zp) ∈
[0, 1]d1+d2 be a reference vector specifying the degree to
which features and positions are retained or perturbed. Then,
the PaX perturbation function g′ is defined as

g′(x′, z′) := (g(x, zx), pos-swap(p, zp)) .

In this perturbation function, features x are perturbed with
respect to the reference zx using the original perturbation
function g from the feature attribution method. Positions
p are perturbed by random swapping with respect to the
reference zp, pos-swap(p, zp): if zp = 0, the position is
randomly swapped with other perturbed positions; if zp = 1,
it stays put. For real-valued zp ∈ (0, 1), each position is
retained with probability zp, and attribution is aggregated in
expectation over multiple samples.

With all of these components, the general PaX explanation
operator for producing position attributions from a feature
attribution method E is

EPaX(f, g, x) := E
(
f ′, g′, x′) = α′. (2)

This calls the original feature attribution operator E on the
position-aware inputs (f ′, g′, x′) to jointly produce attribu-
tions α′ = (αx, αp) for features and positions. The feature
attributions αx are importance scores for feature contents;
position attributions αp are importance scores for positions.

A key advantage of PaX is that it transforms any feature
attribution method into one that produces positional attribu-
tions, without bespoke design. Appendix A.2 instantiates
PaX within LIME, SHAP, and IntGrad by treating positions
as additional interpretable features.

3. Experiments
We conduct quantitative experiments showing that our
framework yields more faithful explanations (Alvarez-Melis
& Jaakkola, 2018) than existing methods and better aligns
with clinician reasoning for sepsis prediction.

3.1. Experimental Setup

Datasets and Models. We finetune GPT-2 small (124M)
(Radford et al., 2019), Mamba-130M (Dao & Gu, 2024),
and MedGemma 4B (Sellergren et al., 2025) for sepsis pre-
diction on MC-MED (Kansal et al., 2025) and PhysioNet
(Reyna et al., 2019), and apply PaX to the finetuned models.

PhysioNet provides tabular EHR data, while MC-MED ad-
ditionally includes waveforms, ventilator settings, medica-

tions, and per-minute vitals. We follow CareBench’s sepsis
labeling and cohort selection criteria for consistent prepro-
cessing across both datasets. Details are in Appendix B.

Explanation Methods and Baselines. We instantiate
PaX with five standard feature attribution methods, namely
LIME, SHAP, IntGrad, FullGrad, and MFABA, with de-
scriptions in Appendix A. We compare against two ablated
variants of PaX that use only feature (|α(x)|) or only position
(|α(p)|) attributions. The feature-only variant corresponds
to the original feature attribution method.

3.2. Does Decomposing Attribution Improve
Faithfulness of Explanations?

We evaluate whether separating feature and position attri-
butions yields more faithful explanations than attributing
them jointly. Faithfulness is measured by insertion and dele-
tion AUC: higher insertion and lower deletion mean the
attribution better identifies what the model relies on (Luss
et al., 2021). We compare PaX-Feature and PaX-Position
to Feature-only and Position-only baselines across Phys-
ioNet and MC-MED, three backbones (GPT-2, Mamba,
MedGemma), and five attribution methods (LIME, SHAP,
IntGrad, FullGrad, MFABA). Full results are in Appendix C.

3.2.1. FAITHFUL FEATURE ATTRIBUTIONS

Standard feature insertion and deletion progressively add or
remove features by attribution rank and report the AUC of
the performance curve. PaX ranks features by |α(x)

i |.

PaX-Feature beats Feature-only on every configuration, with
gains widening on MC-MED, whose sequences are longer
and more positionally heterogeneous: insertion AUC rises
by ∼0.02 on PhysioNet and 0.02–0.03 on MC-MED, while
deletion AUC falls by 0.005–0.015 and 0.014–0.020, re-
spectively. Gains are smallest on MedGemma (≤ 0.007),
consistent with stronger pretrained priors already absorbing
part of the position–feature interaction. The ranking holds
across perturbation-based (LIME, SHAP) and gradient-
based (IntGrad, FullGrad, MFABA) methods, indicating
the gain stems from decomposing attribution rather than
from any single algorithm.

3.2.2. FAITHFUL POSITION ATTRIBUTIONS

We extend standard insertion and deletion protocols to eval-
uate position attributions. Rather than adding or removing
feature content, these protocols measure how relocating
identical content across positions affects predictions, guided
by position attribution scores |α(p)

i |. Position insertion as-
signs features to top-ranked positions from a random config-
uration; position deletion moves features from top-ranked
positions to random ones from the original input. AUC is
computed as before.
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PaX-Position beats Position-only on every configuration,
and the same pattern as above holds: larger gains on MC-
MED, smallest on MedGemma, and consistent across attri-
bution methods.

3.3. Validating the actionability of positional
explanations at the bedside

An explanation is only useful insofar as a stakeholder can act
on it. Orgad et al. (2026) argue that interpretability methods
should be judged by the decisions they enable, and propose
criteria for doing so. Three apply here: understandability
(can the audience make sense of the explanation?), task en-
hancement (does it improve their performance?), and mech-
anistic faithfulness (does it reflect what the model relies on,
free of confounds?). We ask through them: does PaX, by
decoupling position from feature attribution, produce expla-
nations a bedside clinician can act on when treating a patient
at risk of sepsis? We instantiate each criterion as a concrete
bedside action and report one finding per action, all on the
best-performing finetuned MedGemma model on the Phys-
ioNet sepsis prediction task with clinician-annotated mea-
surements. An understandable explanation is one a clinician
can read as a statement about a measurement (Finding 1);
a task-enhancing one surfaces measurements absent from
formal guidelines (Finding 2); a mechanistically faithful
one separates biological signal from structural artifacts of
the input (Finding 3). Annotation protocol, full tables, and
per-finding details are deferred to Appendix D.

Finding 1 (understandability). PaX-LIME feature attribu-
tions α(x)

PaX-LIME track clinician judgments of sepsis relevance,
with mean attributions of 0.40, 0.31, and 0.22 across direct,
partial, and unrelated measurements. We define ∆f as the
difference between the PaX-LIME feature component and
the standard LIME attribution; a positive value means stan-
dard LIME underestimated the measurement because some
of its attribution was absorbed by position. We find ∆f > 0
for 24/29 measurements labeled as direct or partial sepsis
indicators. Standard LIME dilutes critical biomarkers by
conflating them with their temporal placement; PaX-LIME
recovers an attribution profile a clinician can read as a state-
ment about the measurement itself.

Finding 2 (task enhancement). All 13 measurements
named in formal sepsis guidelines (Sepsis-3, SOFA, qSOFA,
NEWS, SOFA-2 (Ranzani et al., 2025)) are independently
labeled relevant by clinicians, confirming PaX-LIME covers
the canonical markers. The actionable surface, however,
lies elsewhere: of the 22 off-guideline measurements, clini-
cians label 16 as relevant or partially relevant. The pattern
sharpens at the top of the ranking, where four of the ten
highest-attribution features (Age, pH, BUN, AST) are un-
codified yet clinician-endorsed.

Finding 3 (mechanistic faithfulness). An attribution can

mislead if what it labels “feature importance” is a struc-
tural artifact of the input. Standard LIME assigns Age and
Gender comparable importance (0.76 and 0.73); once PaX
decouples position from feature, Age retains a high feature
score (0.77) while Gender drops to 0.33, with the remainder
absorbed into the position component. PhysioNet places
demographics at admission, so this pattern is consistent with
a primacy bias rather than a biological link between gender
and sepsis risk. Standard attribution would invite a clinician
to act on the apparent link; PaX-LIME flags it as positional
and tells the clinician to discount it.

4. Related Work
Section 2.1 motivates positional effects (Liu et al., 2024; Wu
et al., 2025; Kamp et al., 2025) and reviews standard feature
attribution methods, including perturbation-based, gradient-
based, and decomposition-based approaches (Ribeiro et al.,
2016; Lundberg & Lee, 2017; Sundararajan et al., 2017;
Srinivas & Fleuret, 2019; Zhu et al., 2024), as well as ex-
tensions to time-series and healthcare settings such as Time-
SHAP (Bento et al., 2021), WindowSHAP (Nayebi et al.,
2023), TIMING (Jang et al., 2025), and DeltaSHAP (Kim
et al., 2025), which incorporate temporal structure through
masking, windowing, or stepwise comparisons. A sep-
arate line of work targets positional structure directly.
PoSHAP (Dickinson & Meyer, 2022) associates SHAP attri-
butions with sequence positions, Position-Aware LRP (Bak-
ish et al., 2025) distributes relevance across content and
positional components, and OrdSHAP (Hill et al., 2025)
disentangles value- from order-driven effects via input per-
mutations. These methods are tied to specific attribution
frameworks or focus narrowly on order sensitivity. In con-
trast, PaX provides a general, model-agnostic framework
for positional attributions.

5. Conclusion
We address a core limitation of attribution methods for early
sepsis prediction: positional information is implicitly ab-
sorbed into feature importance, obscuring how input order
influences predictions. We propose Position-aware eXplana-
tion (PaX), which separates a measurement’s clinical iden-
tity from its temporal position. Across fine-tuned Mamba,
GPT-2, and MedGemma, we show that standard attribu-
tion methods entangle clinical signals with architectural
positional artifacts, and that separating the two yields more
faithful explanations. Dual-axis faithfulness evaluations
confirm that PaX corrects these artifacts and surfaces medi-
ated prognostic factors aligned with clinical expertise yet
missed by existing attribution methods. PaX is a step toward
attributing sepsis predictions to clinical trajectories rather
than isolated measurements, opening directions such as how
physiological trends drive model risk estimates over time.
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Impact Statement
This paper advances the field of Interpretable Machine
Learning by addressing the critical role of positional sensi-
tivity in modern sequence models, including Transformers
and Large Language Models. In healthcare settings, our
work separates feature and position importance to enable
a more reliable and faithful understanding of model be-
havior. By identifying architectural biases and surfacing
higher-order clinical factors, this research supports the de-
velopment of safer decision-support systems for high-stakes
medical interventions.
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A. Attribution Methods
A.1. Feature Attributions

This section briefly describes the explanation methods employed in conjunction with our PaX approach.

• LIME (Local Interpretable Model-agnostic Explanations) (Ribeiro et al., 2016) generates local explanations for
individual predictions by fitting an interpretable surrogate model (typically linear) within the neighborhood of the target
instance. The method creates perturbations around the input sample and trains the surrogate model on these variations,
with samples weighted by their proximity to the original instance.

• SHAP (SHapley Additive exPlanations) (Lundberg & Lee, 2017) computes feature importance scores based on
cooperative game theory principles. Each feature receives an attribution value representing its marginal contribution
to the prediction relative to a baseline, with the property that all attribution values sum to the difference between the
model’s output and the baseline prediction.

• Integrated Gradients (IntGrad) (Sundararajan et al., 2017) computes feature attributions by integrating gradients
along a linear path from a baseline input to the target input. This path integral approach ensures satisfaction of
fundamental attribution axioms, including sensitivity and implementation invariance.

• FullGrad (Srinivas & Fleuret, 2019) extends standard gradient-based attribution by incorporating gradient infor-
mation from all network layers. The method aggregates input gradients with bias gradients across all intermediate
representations, providing more comprehensive attribution maps that capture multi-layer feature interactions.

• MFABA (More Faithful and Accelerated Boundary-based Attribution) (Zhu et al., 2024) computes attributions by
constructing paths from input samples to adversarial examples that cross the model’s decision boundary. The method
employs second-order Taylor approximations to better model loss function changes during gradient ascent optimization.

A.2. Position-aware eXplanation (PaX)

Example illustrating PaX to LIME, SHAP, and IntGrad.

A.2.1. EXAMPLE: PAX-LIME

A major advantage of our framework is that it can transform any standard feature attribution method into one that naturally
produces positional attributions without having to design bespoke solutions. As a demonstration, we show how one can
instantiate the PaX framework within the LIME paradigm for sequence-structured inputs by treating positions as additional
interpretable features. Specifically, the traditional LIME (Ribeiro et al., 2016) algorithm has three main steps: (1) generate
perturbed inputs, (2) make predictions on perturbed inputs, then (3) fit a weighted linear model to the predictions.

1. Perturbing inputs. LIME begins by creating feature masks zx, which are sampled uniformly at random. Therefore, in
PaX-LIME where positions are treated equivalently to features, both features and positions z′ = (zx, zp) are perturbed
uniformly at random.

2. Making predictions. LIME then makes predictions on the perturbed inputs by passing them into the model, y =
f(g(x, zx)). The analogous step in PaX-LIME makes predictions on the augmented perturbed inputs by passing them
into the position-explicit model, y′ = f ′(g′(x, z′)).

3. Fitting a linear model. The last step of LIME fit’s a weighted linear model from the feature masks zx to the predictions y.
In PaX-LIME, this translates to fitting an expanded linear model from the joint position and feature masks z′ = (zx, zp)
to the predictions y′.

The resulting coefficients of the linear model for PaX-LIME then consists of not only coefficients for features zx, but also
coefficients for positions zp, which completes the positional attribution of PaX-LIME.

A.2.2. PAX-SHAP

PaX framework within the SHAP (SHapley Additive exPlanations) paradigm (Lundberg & Lee, 2017) for sequence-
structured inputs by treating positions as additional participants in a coalition.

Specifically, the KernelSHAP algorithm—which is the most common model-agnostic implementation of SHAP—has three
main steps: (1) sample coalitions of features, (2) evaluate the model on these coalitions, and (3) solve for Shapley values via
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a weighted linear regression.

1. Sampling coalitions. SHAP begins by creating binary coalition masks zf ∈ {0, 1}n, where each bit indicates whether a
feature is “present” or “missing.” Therefore, in PaX-SHAP where positions are treated as players alongside features, both
feature and position masks z′ = (zf , zp) are sampled according to the SHAP kernel distribution.

2. Making predictions. SHAP makes predictions on the coalitions by mapping the masks back to the input space and
passing them into the model, y = f(g(x, zf )). The analogous step in PaX-SHAP evaluates these augmented coalitions by
passing them into the position-explicit model: y′ = f ′(g′(x, z′)). This captures the interaction between feature content
and its assigned position.

3. Solving for Shapley values. The last step of SHAP fits a weighted linear model from the masks zf to the predictions y,
where the weights are determined by the SHAP kernel. In PaX-SHAP, this translates to fitting the expanded linear model
from the joint masks z′ = (zf , zp) to the predictions y′. Unlike LIME, the specific weighting of the SHAP kernel ensures
the resulting coefficients satisfy the properties of Efficiency, Symmetry, and Linearity.

The resulting coefficients (Shapley values) for PaX-SHAP consist of attributions for both features ϕf and positions ϕp.
Because SHAP is an additive attribution method, the sum of these values

∑
ϕf +

∑
ϕp equals the difference between the

model output f ′(x′) and the base expectation, providing a theoretically grounded decomposition of positional importance.

A.2.3. PAX-INTGRAD

Standard Integrated Gradients (Sundararajan et al., 2017) computes attribution by integrating the gradients of the model’s
output with respect to the input along a straight-line path from a baseline to the input.

In PaX-IntGrad, we reconcile the continuous nature of path integrals with the discrete nature of positional swaps through a
sampling-based aggregation:

1. Generating Perturbed Paths. For each sample k, we utilize the perturbation probability zp. For each position i,
we decide to either retain the original position or perform a swap based on zp. This results in a perturbed positional
configuration p(k). We then define the straight-line path between a baseline x′

0 and the perturbed augmented input
x′(k) = (x, p(k)).

2. Computing Path Gradients. We compute the standard IG attribution for both the feature content and the specific
positional embeddings actually used in the k-th forward pass:

IG(x′(k)) = (x′(k) − x′
0)×

∫ 1

0

∂f ′(x′
0 + γ(x′(k) − x′

0))

∂x′ dγ

where γ is the interpolation parameter. This provides raw attribution scores for the features αx and the positional
embeddings αp for that specific configuration.

3. Indicator-based Aggregation. To derive counterfactual attributions αq, we cannot directly interpolate through a
continuous zq. Instead, we employ a post-hoc counterfactual indicator inferred from the sampling. By comparing the
original positional embeddings p to the perturbed embeddings p(k), we define a binary mask I

(k)
ij = 1 if the feature

originally at position i was moved to position j, and 0 otherwise. The final counterfactual attribution for moving a feature
from i to j is aggregated across all samples where the movement was realized:

αq,ij = aggregate
(
{IGpj

(x′(k)) | I(k)ij = 1}
)

The resulting αq captures the effect of moving a feature from i to j by leveraging the model’s gradient sensitivity to the
positional embeddings actually present during the forward pass.

B. Experimental Setup
Our experiments are designed to evaluate three aspects of the proposed framework and to analyze its design choices. First,
we evaluate performance relative to existing attribution baselines under standard feature faithfulness metrics. Second, we
assess positional faithfulness, comparing against existing baselines, including methods specifically designed to attribute
positional importance. Third, we present results evaluating counterfactual positional explanations, a new explanation type
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enabled by our framework. Finally, we conduct ablation studies to assess the contribution of each component of the proposed
method, demonstrating that observed gains arise from deliberate design choices rather than incidental effects.

B.1. Dataset Description

B.1.1. CLINICAL TIME-SERIES BENCHMARKS

PhysioNet 2019 (Reyna et al., 2019). PhysioNet 2019 is an ICU sepsis prediction dataset comprising over 40,000 patients
with up to 40 clinical variables recorded hourly, totaling approximately 2.5 million hourly time windows.

MC-MED (Kansal et al., 2025). MC-MED is an emergency department sepsis prediction dataset containing 118,385
visits from 70,545 unique patients, combining minute-level vital signs and continuous physiological waveforms with
comprehensive clinical data.

B.1.2. SEPSIS PREDICTION TASK CURATION

We follow the sepsis labeling procedure described in CAREBench (Keoliya et al., 2025), with adaptations specific to each
dataset’s clinical context and data availability.

PhysioNet 2019. Sepsis labels are pre-defined using Sepsis-3 criteria, requiring both clinical suspicion of infection (blood
culture or intravenous antibiotic orders) and a two-point increase in the SOFA score.

MC-MED. Sepsis labeling follows a two-stage procedure tailored to emergency department settings with a prediction
horizon of h = 1.5 hours:

1. At-Risk Cohort Selection. Patients must meet all of the following criteria:
• Admission through the emergency department
• Temperature < 36◦C or > 38.5◦C within 24 hours of admission (Temp time)
• At least one abnormal vital sign or laboratory value within 24 hours:
◦ WBC count > 12K or < 4K/µL (WBC time)

◦ Heart rate > 90 bpm (HR time)

◦ Respiratory rate > 20 (RR time)
• At least one of WBC time, HR time, or RR time occurs within 12 hours of Temp time
• No intravenous antibiotic administered at or before the time the first criterion is met

2. Sepsis Labeling. Positive labels are assigned when emergency SOFA (eSOFA) criteria are met within ±2 days of
blood culture collection:
• Evidence of presumed serious infection:
◦ Blood culture obtained

◦ ≥ 4 qualifying antimicrobial days (QADs)
• Evidence of acute organ dysfunction, including vasopressor initiation, mechanical ventilation, renal dysfunction,

hepatic dysfunction, thrombocytopenia, or elevated serum lactate

B.2. Model Description

This section describes the models used in our experiments. We consider sequence models fine-tuned for clinical sepsis
prediction.

We employ three sequence models fine-tuned for sepsis prediction on CAREBench-curated datasets: GPT-2 (124M
parameters), Mamba-130M, and Medgemma 4B.

GPT-2 Small (Radford et al., 2019). A 124M-parameter decoder-only transformer with 12 layers, 768 hidden dimensions,
and causal self-attention. Its autoregressive architecture naturally captures temporal dependencies in patient trajectories.

Mamba-130M (Dao & Gu, 2024). A 130M-parameter state-space model designed for efficient long-sequence modeling
with linear computational complexity. Its state-space formulation provides inductive biases that align well with physiological
dynamics.
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Table 1. Performance of GPT-2, Mamba, and MedGemma on the MC-MED and PhysioNet datasets. We report standard classification
metrics for comparability with prior work, along with the Brier score used for model selection during training.

Dataset Finetuned Model Accuracy F1 AUROC AUPRC Brier

PhysioNet GPT-2 0.8135 0.6705 0.7082 0.6831 0.081
Mamba 0.7318 0.7368 0.8039 0.7664 0.141

MedGemma 0.8836 0.8622 0.9051 0.9141 0.082

MC-MED GPT-2 0.7850 0.7784 0.8608 0.8376 0.085
Mamba 0.8135 0.6851 0.8655 0.5923 0.111

MedGemma 0.8554 0.8474 0.8868 0.8634 0.085

MedGemma 4B (Sellergren et al., 2025). A 4B-parameter instruction-tuned multimodal model based on the Gemma
3 decoder-only transformer architecture and adapted for medical text and image comprehension. Its medical-domain
training provides clinical knowledge priors that make it suitable for modeling complex relationships among physiological
measurements in patient trajectories.

Training Configuration. All sepsis prediction models are trained from scratch following the CAREBench (Keoliya et al.,
2025) protocol, with one clinically motivated modification. Specifically, while CAREBench primarily reports AUROC, we
select model hyperparameters using the Brier score as the primary validation metric to account for the extremely low event
rate in sepsis prediction.

• Custom Tokenization: Dataset-specific tokenizers for medical codes
• Training Duration: 100 epochs
• Hyperparameter Selection: Learning rate ∈ {1× 10−5, 5× 10−5, 1× 10−4} selected based on validation Brier score

For completeness, we report standard predictive performance metrics, along with the Brier score used for model selection,
in Table 1.

C. Additional Feature and Position Faithfulness Results
This section reports the full insertion and deletion results supporting the faithfulness claims in Section 3.2. The expanded
grid spans two datasets (PhysioNet, MC-MED), three backbones (GPT-2, Mamba, MedGemma), and five attribution methods
(LIME, SHAP, IntGrad, FullGrad, MFABA).

C.1. Setup

We compare four attributions per explanation method: Feature-only and Position-only (the conventional baselines that
perturb either feature values or token positions in isolation), and PaX-Feature and PaX-Position (the corresponding
components of our framework). We use insertion and deletion AUC as complementary faithfulness metrics; under insertion,
higher is better, and under deletion, lower is better. We omit per-metric reminders in the discussion below and instead mark
improvements directly in the tables.

C.2. Findings

PaX components dominate their baselines on every cell. Across all 60 (dataset, model, method) combinations in Tables 2
and 3, PaX-Feature beats Feature-only and PaX-Position beats Position-only on both insertion and deletion.

Gains are larger on MC-MED than on PhysioNet. Insertion AUC improves by roughly 0.02 on PhysioNet and 0.02–0.03
on MC-MED; deletion AUC drops by 0.005–0.015 on PhysioNet and 0.014–0.020 on MC-MED. The wider margin on
MC-MED is consistent with its longer and more positionally heterogeneous sequences, where conflating feature and position
attributions costs more.

Gains are smallest on MedGemma. Across both datasets and both metrics, MedGemma shows the narrowest PaX-vs.-
baseline gap (often ≤ 0.007). We attribute this to MedGemma’s stronger pretrained priors, which already absorb part of the
position-feature interaction that PaX makes explicit in smaller models.

The pattern is method-agnostic. The ranking holds for perturbation-based methods (LIME, SHAP) and gradient-based

12



660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714

Interpreting Sepsis Prediction through Positional Explanation

Table 2. Our Position-aware eXplanation (PaX) framework consistently outperforms traditional feature attribution methods. PaX-Feature
achieve higher insertion AUC and lower deletion AUC than Feature-only counterparts, confirming more faithful identification of important
features. The improvements hold across both GPT-2, Mamba, and MedGemma models and multiple explanation methods.

(a) Insertion AUC (↑).

Dataset Model Attribution LIME SHAP IntGrad FullGrad MFABA

PhysioNet

GPT-2 Feature-only 0.332 0.341 0.356 0.324 0.339
PaX-Feature 0.354 0.362 0.378 0.346 0.361

Mamba Feature-only 0.335 0.343 0.358 0.329 0.346
PaX-Feature 0.357 0.366 0.381 0.351 0.369

MedGemma Feature-only 0.338 0.346 0.361 0.331 0.348
PaX-Feature 0.344 0.352 0.368 0.337 0.355

MC-MED

GPT-2 Feature-only 0.318 0.327 0.338 0.309 0.324
PaX-Feature 0.339 0.349 0.361 0.331 0.346

Mamba Feature-only 0.321 0.334 0.341 0.314 0.329
PaX-Feature 0.343 0.356 0.364 0.336 0.351

MedGemma Feature-only 0.324 0.335 0.344 0.317 0.331
PaX-Feature 0.330 0.342 0.351 0.323 0.338

(b) Deletion AUC (↓).

Dataset Model Attribution LIME SHAP IntGrad FullGrad MFABA

PhysioNet

GPT-2 Feature-only 0.152 0.149 0.151 0.147 0.150
PaX-Feature 0.138 0.134 0.137 0.135 0.136

Mamba Feature-only 0.153 0.154 0.145 0.144 0.152
PaX-Feature 0.139 0.141 0.133 0.131 0.138

MedGemma Feature-only 0.151 0.152 0.148 0.146 0.153
PaX-Feature 0.145 0.146 0.142 0.140 0.147

MC-MED

GPT-2 Feature-only 0.162 0.168 0.182 0.179 0.165
PaX-Feature 0.148 0.151 0.164 0.162 0.149

Mamba Feature-only 0.174 0.178 0.181 0.179 0.172
PaX-Feature 0.159 0.162 0.165 0.163 0.158

MedGemma Feature-only 0.171 0.176 0.183 0.180 0.172
PaX-Feature 0.165 0.169 0.176 0.173 0.166

methods (IntGrad, FullGrad, MFABA) alike, indicating that the benefit comes from separating positional and feature
attributions rather than from interactions with a particular attribution algorithm.

D. Validating actionability: protocol and per-finding details
This appendix expands Section 3.3: it specifies the annotation protocol, presents the per-finding tables, and develops the
interpretation behind each finding. Throughout, αLIME denotes the standard LIME attribution, while α(x)

PaX-LIME and α
(p)
PaX-LIME

denote the feature-content and positional components of the PaX-LIME attribution.

D.1. Annotation protocol

By “formal guidelines” we mean the established sepsis criteria: Sepsis-3, SOFA, qSOFA, NEWS, and the anticipated
SOFA-2 update (Ranzani et al., 2025). These criteria vary across institutions and continue to evolve, so bedside diagnosis
depends on clinician judgment that no single guideline fully captures. The protocol below operationalizes that judgment.
Clinicians annotated each measurement on two orthogonal axes.

Sepsis-Related axis. Three labels: yes (direct indicator), partial (indirect or contextual), and no (unrelated). Labels are
grounded in sepsis specifically rather than in co-occurring pathology. Lipase, for example, is labeled no because it primarily
indicates pancreatitis, even when pancreatitis appears alongside sepsis on a differential.
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Table 3. Position faithfulness: PaX-Position achieve higher insertion AUC and lower deletion AUC than Position-only attribution,
confirming more faithful identification of important positions. The improvements hold across both GPT-2, Mamba, and MedGemma
models and multiple explanation methods.

(a) Insertion AUC (↑).

Dataset Model Attribution LIME SHAP IntGrad FullGrad MFABA

PhysioNet

GPT-2 Position-only 0.325 0.336 0.348 0.318 0.327
PaX-Position 0.341 0.348 0.366 0.334 0.349

Mamba Position-only 0.331 0.323 0.348 0.312 0.334
PaX-Position 0.344 0.341 0.369 0.333 0.352

MedGemma Position-only 0.334 0.329 0.351 0.319 0.337
PaX-Position 0.340 0.335 0.358 0.325 0.344

MC-MED

GPT-2 Position-only 0.301 0.314 0.322 0.296 0.312
PaX-Position 0.327 0.336 0.348 0.319 0.334

Mamba Position-only 0.311 0.322 0.336 0.303 0.321
PaX-Position 0.331 0.344 0.352 0.325 0.339

MedGemma Position-only 0.314 0.325 0.338 0.306 0.324
PaX-Position 0.321 0.332 0.345 0.313 0.335

(b) Deletion AUC (↓).

Dataset Model Attribution LIME SHAP IntGrad FullGrad MFABA

PhysioNet

GPT-2 Position-only 0.146 0.148 0.154 0.150 0.145
PaX-Position 0.141 0.139 0.142 0.138 0.140

Mamba Position-only 0.149 0.148 0.147 0.146 0.147
PaX-Position 0.142 0.143 0.136 0.134 0.141

MedGemma Position-only 0.150 0.149 0.151 0.147 0.148
PaX-Position 0.144 0.143 0.145 0.141 0.142

MC-MED

GPT-2 Position-only 0.171 0.164 0.191 0.187 0.169
PaX-Position 0.156 0.159 0.173 0.171 0.155

Mamba Position-only 0.183 0.186 0.189 0.187 0.181
PaX-Position 0.168 0.170 0.173 0.171 0.166

MedGemma Position-only 0.179 0.182 0.190 0.186 0.178
PaX-Position 0.172 0.175 0.183 0.179 0.171

Temporal axis. Two labels: time-dependent (trajectory carries diagnostic meaning, e.g., vitals) and time-invariant (stable
across a hospitalization, e.g., demographics).

D.2. Finding 1: attributions track clinical relevance

PaX-LIME assigns higher mean importance to features clinicians label yes than to those labeled partial or no, and raises
α
(x)
PaX-LIME relative to standard LIME on 24 of the 29 clinically relevant features (Table 4).

Error analysis: indirect indicators rather than spurious attributions. Five features labeled no receive higher attribution
under PaX-LIME than under LIME. These are not failure cases: they are higher-order physiological signals that sit outside
the formal sepsis definition but carry diagnostic weight in practice.

Two act as second-order markers. Chloride and Troponin I, although primarily linked to other pathologies (notably
myocardial infarction for Troponin I), plausibly reflect cardiovascular involvement during severe septic shock. Three act as
third-order markers: Phosphate, Magnesium, and Calcium are non-specific electrolytes that signal general physiological
derangement. These are exactly the kind of secondary cues a clinician wants surfaced, not suppressed.
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Table 4. PaX-LIME feature attributions stratified by clinician Sepsis-Related label. ∆f = α
(x)
PaX-LIME − αLIME measures the per-feature

shift from standard LIME to PaX-LIME; the rightmost column counts features with ∆f > 0 among the 29 clinically relevant ones (yes
and partial combined).

Clinician label # features Mean α
(x)
PaX-LIME # with ∆f > 0

Yes (direct) 20 0.40 24 / 29Partial 9 0.31
No (unrelated) 6 0.22 —

D.3. Finding 2: PaX-LIME elevates the uncodified-but-used measurements

The actionable surface of an explanation is the set of measurements clinicians use but formal criteria do not codify. Table 5
crosses clinician labels with guideline membership; the top-right cell — clinically meaningful, not in guidelines — contains
7 of the 20 yes-labeled features and all 9 partial-labeled features.

Table 5. Clinician Sepsis-Related labels against guideline membership. The top-right cell, clinically meaningful measurements not
codified in formal criteria, is the actionable surface.

Clinician label In guidelines Not in guidelines

Yes 13 7
Partial 0 9
No 0 6

PaX-LIME’s top ten features by α
(x)
PaX-LIME are Age, Bilirubin, pH, Lactate, Temp, FiO2, Platelets, BUN, Resp, and AST.

Only six appear in formal guidelines, so at face value four of the top ten diverge from established criteria. Clinician
annotations resolve the divergence: nine of the ten are labeled yes and one partial, and the four uncodified features (Age,
pH, BUN, AST) are each independently endorsed. The headline signals PaX-LIME elevates are precisely the measurements
an actionable bedside explanation should foreground.

D.4. Finding 3: separating positional artifact from intrinsic signal

For time-invariant markers the positional component α(p)
PaX-LIME should be small: a feature whose value is fixed at admission

cannot meaningfully owe its importance to position. As a consistency check, mean α
(p)
PaX-LIME is 0.61 for time-dependent

features and 0.33 for time-invariant features, in the predicted direction.

The decomposition matters most when standard LIME conflates two features that PaX-LIME should distinguish. Age and
Gender are a clean test case (Table 6).

Table 6. Time-invariant features under standard LIME vs. PaX-LIME. Standard LIME scores Age and Gender comparably; PaX-LIME
shows that Gender’s score is largely positional while Age’s remains intrinsic.

Feature αLIME α
(x)
PaX-LIME

Age 0.76 0.77
Gender 0.73 0.33

Standard LIME scores the two features comparably. PaX-LIME preserves Age’s intrinsic importance (0.77) but more than
halves Gender’s (0.33). Because PhysioNet places demographics at admission (t = 0), this divergence is consistent with a
primacy bias: tokens at the start of a sequence draw disproportionate attention regardless of content, inflating the apparent
importance of any feature that happens to sit there. Age survives the decomposition because its content carries genuine
signal; Gender does not. Telling structural bias apart from learned biological correlation is exactly the audit a clinical
explanation must support.
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