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Abstract

Large Multimodal Models (LMMs) achieve
state-of-the-art performance in high-stakes do-
mains like healthcare, yet their reasoning re-
mains opaque. Attention and saliency-based
methods often fail to faithfully represent the
model’s decision process, particularly when
integrating heterogeneous modalities. We in-
troduce Tree-of-Evidence (ToE), an inference-
time search algorithm that frames interpretabil-
ity as a discrete optimization problem. Rather
than relying on soft attention weights, ToE em-
ploys lightweight Evidence Bottlenecks that
score coarse units of data (e.g., vital-sign win-
dows, report chunks) and performs a beam
search to identify the compact evidence set re-
quired to reproduce the model’s prediction. We
evaluate ToE across six tasks spanning three
datasets and two domains, including clinical
prediction on MIMIC-IV, cross-center valida-
tion on eICU, and non-clinical fault detection
on LEMMA-RCA. ToE retains over 98% of
full-model AUROC with as few as five evi-
dence units, achieves higher decision agree-
ment and lower fidelity error than LIME, SHAP,
saliency, and concept-bottleneck baselines un-
der sparse budgets, and outperforms LLMs up
to 70B parameters. ToE therefore provides a
practical mechanism for auditing multimodal
models.

1 Introduction

Multimodal predictors, such as Large Multimodal
Models (LMMs), have achieved remarkable perfor-
mance by fusing heterogeneous data streams, in-
cluding text, time series, and imaging, into unified
representations (Chen et al., 2024; Huang et al.,
2024; Tu et al., 2024). However, as these mod-
els grow in complexity, their decision-making pro-
cesses become increasingly opaque (Rudin, 2019;
Wornow et al., 2023). In high-stakes domains like
healthcare, "black box" accuracy is insufficient;
deployment requires auditable reasoning where a

model’s prediction explicitly traces back to specific,
verifiable pieces of evidence (Rudin, 2019).

Current interpretability methods often fail to
meet this standard. Attention-based heatmaps
are frequently unfaithful to the actual logic of
the model (Wiegreffe and Pinter, 2019; Jain and
Wallace, 2019), while post-hoc explanation meth-
ods provide approximations rather than guaran-
tees (Rudin, 2019). Concept Bottleneck Mod-
els (CBMs) offer a step forward by aligning hid-
den states with human-interpretable concepts (Koh
et al., 2020; Vandenhirtz et al., 2024). Yet, CBMs
typically require predefined concept annotations
and remain static during inference, failing to adap-
tively search for evidence when data is ambiguous
or synergistic. Rationale extraction methods aim
to solve this by selecting a subset of input fea-
tures that are sufficient for the prediction (Lei et al.,
2016; DeYoung et al., 2020). Yet, existing rationale
methods are typically limited to single modalities,
mainly text, and rely on greedy selection strategies
that fail to capture the synergistic dependencies be-
tween different data types (Xu et al., 2024). For
instance, a radiology note of pulmonary edema
can reframe a drop in SpO; as volume overload, a
cross-modal link that unimodal methods miss.

To bridge this gap, we introduce Tree-of-
Evidence (ToE), an inference-time search algo-
rithm for multimodal grounding. Inspired by
deliberative branching procedures like Tree-of-
Thoughts (Yao et al., 2023), ToE treats interpretabil-
ity as a discrete search problem over meaning-
ful evidence units. We use "System 2" approach
to denote this multi-step, deliberative search pro-
cess, in which the algorithm explicitly evaluates
and scores candidate evidence combinations via
beam search, in contrast to "System 1" single-
pass heuristics such as greedy top-k ranking by
individual unit scores. Crucially, ToE can handle
two types of multimodal data: (1) Global Con-
text (e.g., baseline pathology from Chest X-Ray

29212

Findings of the Association for Computational Linguistics: ACL 2026, pages 29212-29227
July 2-7, 2026 ©2026 Association for Computational Linguistics



Phase I: Time-Series (TS) and Notes classifiers training ¢, iexuaipata: £66 and oxR i
,,,,,,,, a:ECGand OXR

[ Time Series ]——-[ Projection H Contextual Data Concatenation ]—-[ Classifier ] Prortatity
Y -BCELoss
[ Notes |-+ BERTEncoder

Projection H Contextual Data Concatenation ]—>[ Classifier ] Prortatity
BioClinicalBERT Fine-Tuning

Phase llI: Selector Training

&5 Frozen

Mask (k=2)

TS-Selector m - STE ...- " Projection ,

(MLP) 030904 Topk | +Classifier | [mortatity
) Time—Sgries Eyidence Update Weights
Notes Evidence Units (Time Windows) BCE Loss
Units (Chunks) &y, Frozen Mask (k=2) ';g,ﬁyFrozen
... X ¥ BERT Notes-Selector ‘ STE ‘..'. Projection Povortatity
Encoder |"YTHC3CY (MLP) Top-k + Classifier
Update Weights :l
BCE Loss

Caching the embeddings
Phase llI: Tree of Evidence (Inference Search)

@)
Scoring Function stop
score(m) = C(m) + 4.S(m) — uK(m) k=1 =

TS Selector |[ STE Top evidence unitkept [ Step2 |{Ws, Wa}|[ (W3, No} {Wa Ws}| {Ws, Nz} {Nz Ws} {N2, W3}

Wz W4 (MLP) Topk (k=2) | s=091 |[ s=088 |[s=091 || s=085 || s=088 || s=085

A -
Notes-Selector ‘  STE ‘

91 32 33 94 (MLP) Top-k |

Figure 1: Overview of the Tree-of-Evidence (ToE) Framework. Phase I: Modality-specific classifiers are trained
independently, with BioClinicalBERT (Alsentzer et al., 2019) encoding notes and contextual data (CXR/ECG)
concatenated as fixed priors. Phase II: Lightweight MLP selectors learn to score evidence units using Straight-
Through Estimator (STE) top-k masking with frozen encoders. Phase III: At inference, beam search iteratively
constructs compact evidence set by optimizing the scoring function, balancing decision agreement, probability
stability, and sparsity.
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(CXR)/Electrocardiogram (ECG), which serves as
a fixed prior, and (2) Searchable Evidence (e.g., dy-
namic Vitals and Notes), which is actively selected.
Instead of relying on soft attention weights, we first
train lightweight Evidence Bottlenecks (EB) that
score coarse units of data—hourly windows of In-
tensive Care Unit (ICU) time-series and radiology
report chunks. At inference time, ToE performs
a beam search to construct a compact evidence
set that preserves the full-input decision, explicitly
trading off (i) agreement with the original predic-
tion, (ii) stability of the predicted probability, and
(iii) evidence sparsity. This separation allows the
search to focus on "what changed" (dynamic evi-
dence) while remaining grounded in "who the pa-
tient is" (global context). The result is an auditable
trace of how evidence is accumulated to justify a
decision.

We evaluate ToE across six tasks spanning three
datasets and two domains: four clinical predic-
tion tasks on Medical Information Mart for Inten-
sive Care (MIMIC)-IV (Johnson et al., 2024, 2023;
Goldberger et al., 2000; Gow et al., 2023), cross-
center validation on eICU (208 hospitals) (Pollard
et al., 2018), and non-clinical fault detection on

LEMMA-Root cause analysis (RCA) (Zheng et al.,
2024). Our experiments demonstrate that ToE
yields discrete rationales that (i) remain sufficient
for the model’s decision under strict evidence bud-
gets, (ii) exhibit strong decision agreement with the
full-input prediction, and (iii) provide an auditable
trace of the search process that can be inspected by
domain experts. Our contribution can be summa-
rized as:

1. Model-faithful multimodal grounding via
inference-time search. We formulate ground-
ing as selecting a compact multimodal ev-
idence set that reproduces the full-input
model’s decision and confidence, and we pro-
pose Tree-of-Evidence (ToE) to solve this
with an auditable search trace.

2. Bottleneck-guided discrete evidence units.
We develop lightweight Evidence Bottle-
necks that score clinically meaningful, coarse-
grained units (hourly windows; report chunks)
and provide efficient heuristics for search,
while incorporating CXR/ECG signals as
context-only features rather than searchable
evidence.
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Table 1: Comparison of Interpretability Frameworks.
ToE is distinct in offering an auditable trace (search
history) over multimodal hard evidence.

Hard Evidence? Multimodal?  Faithfulness?  Auditable Trace?

; X

X
X

SN %xxx

v v v

3. Comprehensive faithfulness evaluation un-
der evidence budgets. We evaluate expla-
nations using sufficiency, comprehensiveness,
and probability-agreement metrics under strict
evidence constraints across three datasets, six
tasks, and two domains. We compare against
Local Interpretable Model-Agnostic Explana-
tions (LIME), SHapley Additive exPlanations
(SHAP), CBMs, gradient saliency, and Large
Language Models (LLMs) up to 70B parame-
ters, and provide ablations showing ToE better
preserves full-input behavior at a given spar-
sity than all baselines.

2 Related Work

Faithful Rationale Extraction. Rationale extrac-
tion seeks a subset of input features that justifies
a prediction (Lei et al., 2016), evaluated via suf-
ficiency and comprehensiveness (DeYoung et al.,
2020; Jacovi and Goldberg, 2020), with recent
work noting that faithfulness metrics are sensitive
to evaluation design (Chan et al., 2022; Edin et al.,
2025). Post-hoc attribution methods, such as LIME
and SHAP, approximate feature importance via lo-
cal surrogates or Shapley values but provide no
hard selection and can be unstable. Information
Bottleneck methods (Paranjape et al., 2020) encour-
age concise rationales but are typically unimodal,
while Concept Bottleneck Models (CBM) (Koh
et al., 2020; Vandenhirtz et al., 2024) align hid-
den states with human-interpretable concepts yet
require predefined annotations and remain static at
inference.

Search-Based and Multimodal Interpretabil-
ity.  Branching procedures such as Tree-of-
Thoughts (Yao et al., 2023) and search-based ex-
plainers (Shitole et al., 2021; Zhou and Shah, 2023)
apply deliberative search for reasoning or expla-
nation, but operate on single modalities or token
spaces. Model-agnostic alternatives such as An-
chors (Ribeiro et al., 2018) and counterfactual ex-
planations (Wachter et al., 2017) require extensive
perturbation or per-query optimization rather than

jointly trained selectors. In clinical multimodal
learning (Acosta et al., 2022), architectures typi-
cally fuse text and time-series encoders via late fu-
sion, gating, or cross-attention (Huang et al., 2020;
Seki et al., 2021; Golas et al., 2018), but expla-
nations are usually modality-specific post-hoc at-
tributions and rarely yield a single cross-modal
evidence set. As summarized in Table 1, ToE is
the only framework combining hard evidence se-
lection, multimodal support, faithfulness, and an
auditable search trace via jointly trained unit-level
selectors.

3 Method

We formulate interpretable clinical prediction as a
search problem. Our framework, ToE, separates
the reasoning process into two stages: (1) learn effi-
cient, differentiable heuristics for evidence scoring
via EB, and (2) perform an inference-time discrete
search to identify a compact, high-scoring evidence
set required for a robust diagnosis. We represent
an overview of our approach in Figure 1.

3.1 Problem Setup and Evidence Units

We define a binary classification task y € {0,1}
over an observation window [to, tg + A] (default
A=24h). The input space X consists of two search-
able modalities and two context modalities. While
we present the formulation using ICU data as a
running example, the framework applies to any set-
ting where inputs can be decomposed into discrete
units across one or more modalities; we evaluate
on non-ICU settings in Section 4.

Structured ICU Time Series (searchable evi-
dence). We represent ICU measurements (vital
signs and lab values) as a fixed-length sequence
x% = (2f,...,2) with T = 24 hourly bins and
z¥ € RP. Each bin contains summary statistics
(e.g., mean, min, max) over vitals and labs in that
hour, along with missingness indicators. Evidence
Units are the discrete time windows {W;}]_; cor-

responding to these bins.

Radiology Reports (searchable evidence). Let
x"'® be the concatenation of all radiology report
text within the window [to, to + A]. We segment
this text into a sequence of chunks (ci,...,car)
(e.g., 3-sentence segments), padded or truncated
to a fixed length M., Let a € {0, 1}Mmax be
a presence mask indicating valid (non-padding)
chunks. Evidence Units are the discrete chunks
AN
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CXR and ECG Context (Global Priors). To
ground the search in the patient’s broader physio-
logical state, we include fixed context vectors that
are not subject to selection: (i) x*' € RPexr g
label vector from the most recent CXR (e.g., CheX-
pert) with indicator has_cxr; and (ii) x°¢ € RDec,
machine measurements from the most recent ECG
with indicator has_ecg.

We deliberately model these signals as fixed pri-
ors rather than searchable units to mirror clinical
reasoning. CXR and ECG typically represent the
patient’s baseline physiological state (chronic/back-
ground), whereas notes and vitals represent acute
evolution (dynamic). By conditioning the search on
fixed context, ToE forces the model to identify dy-
namic evidence that explains the outcome given the
patient’s baseline risk, preventing the search from
wasting budget on static confirmational signals.

Evidence Set. We formally define an explana-
tion as a tuple of indices £ = (E", E"*'¢), where
E® C {1,...,T} indexes selected time windows
and E™' C {1,..., Myax} indexes selected note
chunks.

3.2 Evidence Bottleneck Predictors

We employ a modular architecture with two EB
streams, corresponding to the searchable modali-
ties (x and x"°*®). Each stream consists of: (i) a
Selector that scores discrete evidence units to pro-
duce a hard top-k mask; and (ii) a Predictor that
estimates the diagnosis using only the selected sub-
set. This separation ensures that the model cannot
“cheat” by accessing information it has not explic-
itly selected.

3.2.1 Differentiable Top-% Selector

Let U = {ui,...,u,} be the set of evidence
units (time windows or chunk embeddings). A
lightweight MLP selector fy assigns a scalar rele-
vance score s; = fg(u;) to each unit. For variable-
length inputs (notes), we enforce validity by setting
s; = —oo wherever the presence mask a; = 0,
ensuring padding is never selected.

To enable end-to-end training with discrete se-
lection, we utilize the Straight-Through Estima-
tor (STE). We compute a hard top-k mask m =
TopK(s, k) € {0,1}"™ for the forward pass, but
approximate gradients via a softmax relaxation
m = softmax(s/7gTE) during backpropagation:

m =m — sg(m) + m, (1)

where 7gTE is the STE temperature (default
TsTE = 1.0; see Appendix A.7.1), sg(-) denotes the
stop-gradient operator. This allows the selector to
update its ranking logic 6 based on the downstream
predictor’s performance.

The STE introduces a forward-backward gra-
dient mismatch by construction. Our two-phase
training design mitigates this: in Phase I, the pre-
dictor trains with all evidence selected (kK = T),
so the STE is never invoked; in Phase II, the pre-
dictor is frozen, and only the selector MLP (98K
of 109M total parameters) is updated. Because
the frozen predictor’s weights are fixed, the selec-
tor needs only to learn a correct ranking of units,
which units the predictor finds most informative,
rather than propagating calibrated classification gra-
dients end-to-end. Gradient mismatch affects mag-
nitude but not ordering, preserving the ranking ob-
jective. Empirically, sufficiency Area Under the
Receiver Operating Characteristic curve (AUROC)
varies less than 1% across a 50x temperature range
(tste € {0.1,5.0}; Appendix A.7.1).

3.2.2 Modality-Specific Encoders

Time-Series Stream. The selector scores raw fea-
ture vectors u; = x'°. We apply the mask element-
wise, Zi = m}® - zf, effectively zeroing out non-
selected hours. The sequence is encoded via a
Bidirectional Gated Recurrent Unit (GRU) to ob-
tain a final representation v' (concatenated hidden
states). While we employ a GRU for computational
efficiency, our framework is model-agnostic and
compatible with continuous-time encoders such as
Latent ODEs (Rubanova et al., 2019). Finally, we
inject global context by concatenating the projected
context vectors:

2" =[5 PP (xT); PE(xE)], (2)

where ¢ are lightweight projection MLPs. A clas-
sifier g;; maps z* to the logit £°.

Notes Stream. We embed text chunks us-
ing a frozen BioClinicalBERT encoder, e; =
BERT(c;)cLs)- The selector scores these embed-
dings to obtain a mask m"°. The predictor com-
putes a masked mean pool over the selected valid
chunks:

note Z] mrj}ote aj ¢n0te(6j)
= ; 3)

s note .
> mi%a;+e

where ¢"°' is a learnable projection MLP. Similar
to the time-series stream, we inject global context:
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Zhote _ [Vnote; wcxr(xcxr); wecg(xecg)], “4)

and pass z"' to a classifier ¢"°*° to produce the
logit /m°te,

3.2.3 Training and Inference Fusion

We train the streams separately using class-
balanced Binary Cross-Entropy. This isolation en-
sures that each modality learns independent ground-
ing logic without over-relying on the other.

At inference, we fuse the streams via logit sum-
mation. We define the predicted probability for

binary evidence masks m" and m"°* as:

— O,(gtS(mtS) + gnote(mnote)) ,
)
where /(-) denotes the logit output of a stream
given a specific mask. We define the Full-Input
Decision as the prediction using all available units
(m = 1), denoted as pry = p(1%,1"%°') with
predicted class .

p ( mtS , mnote)

3.3 Faithfulness Evaluation

We quantify interpretability using the Evalu-
ating Rationales And Simple English Reason-
ing (ERASER) benchmark standards for faithful-
ness (DeYoung et al., 2020).

Sufficiency. Measures if the selected evidence is
adequate to reproduce the prediction. We report
the model’s performance (AUROC, Area Under the
Precision-Recall Curve or AUPRC) when masking
out all non-selected units (i.e., keeping only the
top-k evidence).

Comprehensiveness. Measures if the model re-
lies on the selected evidence. We calculate the drop
in confidence for the originally predicted class s
when the selected evidence is removed. Let me be
the selected evidence mask and Mmyem = 1 — Mgel
be the complement. We compute:

N
1 (i (i i
Acomp = ~ Z {Pr(yEufl 1) — Pr(ygufl ‘ msezn) .

N 4
=1
(6)
A higher A o indicates that the model’s predic-

tion relied heavily on the removed evidence.
3.4 Tree-of-Evidence (ToE): Inference-Time
Search

Standard top-k selection is brittle because it as-
sumes evidence units are independent. However,

clinical evidence is often synergistic (e.g., a radi-
ology finding of alveolar edema contextualizes a
subsequent drop in SpO3). To address this, we
propose ToE, a discrete beam search algorithm that
identifies a compact evidence set to reproduce the
full-input decision. Following the terminology in-
troduced in Section 1, this constitutes the “Sys-
tem 2” component of our framework: a multi-step
deliberative search that explicitly evaluates candi-
date evidence combinations, in contrast to “Sys-
tem 17 single-pass greedy ranking.

3.4.1 Search Space and Candidates

A search state is a pair of binary masks m =
(m", m"'*®). To keep the search tractable, we re-
strict actions to the top-/NV candidates per modality
(ranked by selector scores) to control computation.

3.4.2 Search Objective

We seek a state that maximizes confidence in the
original decision while minimizing evidence cost.
For a state m, we define the scoring function:

C(m) = Pr(jn | m), )
S(m) =1 — |pfan — p(m)|, ®)
K(m) = [m®[jg + [[m"*[|o, )
score(m) = C'(m) + A S(m) — p K(m), (10)

where C' is the model’s confidence in the full-input
predicted class (Sufficiency), S encourages proba-
bility stability (Calibration), and K penalizes evi-
dence cost.

We define the stability term S(m) in probability
space (Eq. 8) rather than logit space. This choice
reflects three considerations. First, near p = 0 or
p = 1, where most ICU patients fall, given class
prevalences of 7-14%, large logit deviations pro-
duce negligible probability changes; probability-
space stability appropriately assigns low cost to
these clinically irrelevant shifts. Second, the result-
ing metric is bounded in [0, 1] and directly inter-
pretable as “mortality risk shifted by X percentage
points.” Third, it is numerically stable, avoiding
the divergences that logit-space distances exhibit
near saturation. By including the stability term,
the search does not merely maximize confidence
(which could lead to selecting evidence that inflates
a prediction) but explicitly aims to match the cali-
bration of the full model. This ensures the selected
evidence is not just “sufficient” in isolation, but
faithful to the model’s complete decision.
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(b) Fidelity vs. Sparsity

Figure 2: The Faithfulness-Sparsity Frontier. Per-
formance across evidence budgets £ on MIMIC-IV
(E1: In-Hospital Mortality, 5 seeds). (a) Sufficiency:
ToE (Red ) matches the full model’s predictive power
(AUROC = 0.80) with as few as k=5 units. (b) Fi-
delity: ToE achieves the lowest Fidelity MAE at sparse
budgets (k < 5), reducing error by >50% compared
to Top-k Ranking (Blue e) and Saliency (Gold A) at
sparse budgets, proving it captures the model’s actual
confidence rather than just label correlations.

3.4.3 Algorithm and Efficiency

The search proceeds as follows (Algorithm 1, Ap-
pendix A.4):

1. Initialization: Start with an empty evidence
set.

2. Expansion: At each step, generate candidate
states by adding exactly one unit from the
candidate list W U N

3. Pruning: Evaluate candidates via frozen EB
predictors and retain the top-B states (Beam
Width).

4. Termination: Stop if a state meets suffi-
ciency thresholds (T¢onf, Tsuff) OF max steps are
reached.

Note that beam search finds high-scoring evidence
sets under the scoring heuristic (Eq. 10), not glob-
ally optimal ones. Exhaustive enumeration con-
firms optimality gaps below 0.001 AUROC at small
k on MIMIC-IV (Appendix A.7.3).

Efficiency via Caching: Since the BERT back-
bone is frozen, we cache the embeddings {e;} for
all note chunks once per patient. During search,
state evaluation requires only lightweight pooling
and MLP passes, making ToE computationally effi-
cient and suitable for deployment.

4 Experiment

4.1 Dataset and Implementation Details

Dataset and Cohort.

MIMIC-IV. Our primary evaluation uses the
MIMIC-IV dataset (Johnson et al., 2024, 2023).
The cohort consists of adult patients with at least
24 hours of ICU observation data. The final dataset
comprises N = 74,829 unique ICU stays, split into
training (N = 52,597), validation (N = 11,053),
and testing (N = 11,179). We evaluate on four
prediction tasks: (E1) Hospital Mortality (preva-
lence 11.5%), (E2) Long Length of Stay (>7 days;
14.1%), (E3) ICU Mortality (7.4%), and (E4) Post-
Observation Mortality (11.2%). All MIMIC-IV
results report mean =+ std across 5 random seeds
unless otherwise noted.

eICU. To test cross-center generalization, we
evaluate on the eICU Collaborative Research
Database (Pollard et al., 2018), spanning 208 hos-
pitals across the United States. We apply the same
pipeline with no architectural modifications.

LEMMA-RCA. To test domain transfer beyond
healthcare, we evaluate on LEMMA-RCA (Zheng
et al., 2024), a microservice fault detection bench-
mark (prevalence 22%). Time-series evidence units
correspond to service-level metrics and text units
to log message chunks. The ToE pipeline is applied
without modification.

Reproducibility and Hyperparameters. For the
ToE beam search, we set beam width B = 8, max-
imum search depth Sp.x = 10, and restrict can-
didates to the top Ny = 24 time-series windows
and Npoe = 20 note chunks per instance. The
search objective weights are A = 1.0 (stability)
and p = 0.05 (sparsity cost), with stopping thresh-
olds Tconf = 0.9 and 7oy = 0.9. All experiments
use a batch size of 32 on a single NVIDIA A100
GPU.

4.2 Baseline Comparisons

We compare ToE against six baselines: Top-k
Ranking, which selects the % units with the high-
est individual selector scores; Saliency (Gradient),
which ranks units by Input x Gradient magnitude;
LIME (Ribeiro et al., 2016) and SHAP (Lundberg
and Lee, 2017), which select the top-k units by
local surrogate coefficients and Shapley-value attri-
butions, respectively; a Hard Concept Bottleneck
Model (CBM) (Koh et al., 2020) with 24 binary
clinical concepts grounded in established scoring
systems; and Random selection as a lower bound.

Faithfulness—Sparsity Frontier. Figure 2 and
Table 2 compare all methods across evidence bud-
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Table 2: Comparison with LIME and SHAP (E1: Hos-
pital Mortality, 5 seeds). ToE achieves the best fidelity—
sufficiency tradeoff at every budget k. Full results across
all k£ in Appendix A.5, Figure A4.

Table 3: LLM/MLLM comparison (E1: Hospital Mortal-
ity). ToE with 109M parameters outperforms all models
up to 70B. Full 10-model results in Appendix A.6; Fig-
ure A3.

k  Method AUROC Fidelity MAE ({) ECE (})
LIME 0564 £0.006 022940022  0.406 & 0.011
I SHAP 0764 £0.009 0.123£0.006  0.320 £ 0.010
ToE 0783 £0.013  0.096 +0.005  0.297 + 0.019
LIME  0.695+£0010 0.171£0016 03320018
5 SHAP  0801+0.014 00390002  0.302 % 0.025
ToE 0.800 £ 0.017  0.040 £ 0.003  0.280 + 0.023
LIME  0743+0011  0.1264+0011  0.308 = 0.020
10 SHAP  0.802+0.017  0.024+0.002  0.299 & 0.029
ToE 0.803+£0.017  0.035+0.002  0.283 % 0.025

gets. ToE matches the full model’s predictive
power (AUROC == 0.800) with as few as k=5 units
(Fig. 2a) while maintaining the lowest fidelity er-
ror and ECE at every sparsity level (Fig. 2b). At
k=1, ToE reduces fidelity Mean Absolute Error
(MAE) by 39% relative to Top-k Ranking (0.158
to 0.096) and by 58% relative to LIME, and outper-
forms LIME by 22 AUROC points. SHAP is the
strongest attribution baseline, matching ToE’s AU-
ROC and MAE at k£ > 5, but exhibits 22% higher
fidelity MAE at k£ = 1 (0.123 vs. 0.096) and higher
ECE at every budget, indicating weaker calibration
alignment. ToE, by explicitly optimizing for proba-
bility stability (Eq. 8), captures the model’s actual
confidence rather than just label correlations. The
gap between methods narrows at higher budgets
as the evidence space saturates. Multi-seed ECE
results across all four MIMIC-1V tasks confirm that
ToE achieves comparable or lower calibration error
than the full model (Appendix A.5; Figure A4).

Comparison with Concept Bottleneck Models.
The Hard CBM with 24 clinical concepts achieves
AUROC 0.775 (AUPRC 0.349). ToE exceeds CBM
on AUROC with a single evidence unit (k = 1 :
0.783) and widens the gap at £k = 5 (0.800),
while requiring no predefined concept annotations,
though CBM retains an AUPRC edge from its cu-
rated concepts. This highlights a key advantage:
CBMs require domain experts to define a fixed
concept vocabulary before training, whereas ToE
discovers relevant evidence units from learned rep-
resentations at inference time.

Comparison with LLMs. We compare against
10 open-source Multimodal LLMs or (M)LLMs
(1B-70B parameters), including medical fine-tunes
and vision-language models, evaluated on E1 via
zero-shot prompting with the full test set. Table 3

Model Type  Params AUROC AUPRC

Llama-3.2-1B text 1.2B 0.532£0.009 0.135 £ 0.005
Llama-3.1-8B text 8.0B 0.691 £ 0.008  0.206 £ 0.008
Med42-v2-70B text 70B 0.745+0.009 0.293 £0.014
MedGemma-27B (V)  vision 27B 0.630 £0.009  0.190 £ 0.008
ToE k=5 multi 109M  0.800 +0.017  0.310 £ 0.067

Table 4: Cross-task and cross-dataset evaluation. ToE
retains >98% of full-model AUROC at k=5 across all
settings. MIMIC-IV results: mean =+ std over 5 seeds;
elCU and LEMMA-RCA results are from a single seed.

Dataset Task Full AUROC ToE k=5 Fid. MAE
El  MIMIC-IV  Hosp. mort. 0.806 &+ 0.015 0.800 £.017  0.040 % 0.003
E2 MIMIC-IV  LongLOS  0.747 £0.041 0.740 +.046  0.031 & 0.002
E3 MIMIC-IV ~ ICUmort. 0.816 +0.009 0.808 +.011 0.042 + 0.004
E4 MIMIC-IV Post-obs. 0.794 £ 0.021 0.784 £.023  0.041 £ 0.001

eIlCU ICU mort. 0.822 0.808 0.124

LEMMA Fault det. 0.741 0.730 0.106

reports a representative subset; full results are in
Appendix A.6; Figure A3. Even the strongest
model, Med42-v2-70B (AUROC of 0.745), un-
derperforms ToE at k = 5 (AUROC of 0.800)
despite having 640x more parameters. Vision-
language models (Gemma-2-12B (V), MedGemma-
27B (V) (Team et al., 2024)) underperform their
text-only counterparts on this task, suggesting
that current Multimodal Large Language Models
(MLLMs) struggle to extract discriminative signals
from raw clinical images for structured prediction.

4.3 Cross-Task and Cross-Dataset
Generalization

A primary concern is whether ToE generalizes be-
yond a single task and dataset. Table 4 reports
results across all six evaluation settings.

Three observations merit emphasis. First, ToE
retains 98.5-99.3% of full-model AUROC at k = 5
across all four MIMIC-1V tasks, with fidelity MAE
consistently in the narrow range 0.031-0.042, de-
spite substantial differences in clinical semantics
and class balance (7.4-14.1%). Second, eICU repli-
cates the core finding on an independent multi-
center dataset spanning 208 hospitals with different
EHR systems and documentation practices. Third,
LEMMA-RCA demonstrates that the same pipeline
generalizes beyond healthcare entirely, with no ar-
chitectural modifications.
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Table 5: Modality Ablation Results (¢ = 5). Notes-
Only fails to ground predictions, while the Multimodal
(Both) approach maintains high predictive power and
stability comparable to the strong TS-Only baseline.

Modality AUROC AUPRC Fidelity MAE

TS Only 0.7876 £ 0.0075 0.3912 £ 0.0151  0.0445 £ 0.0730
Notes Only  0.5590 & 0.0077  0.1338 £0.0047  0.3432 4 0.2915
Both 0.8001 £ 0.0165 0.3096 £ 0.0672  0.0403 & 0.0027

4.4 Ablation Studies

To validate the components of the ToE framework,
we analyzed the contribution of different modalities
and the scoring objective.

Modality Necessity. Table 5 examines modality
contributions at k=5. The Notes-Only baseline
fails (AUROC =~ 0.56, MAE > 0.3), confirming
that radiology text alone is insufficient for ground-
ing without physiological context. The multimodal
approach matches the predictive power of the time-
series backbone (AUROC == 0.80) while maintain-
ing low fidelity error (MAE ~ 0.04), validating
ToE’s design of using robust vitals to anchor the
search while selectively retrieving text for semantic
explanation.

Search & Objective Analysis. Table 6 validates
the deliberative search design: removing the sta-
bility objective (A = 0) more than doubles the
fidelity error, confirming that faithful explanations
require matching the model’s calibration, not just
maximizing confidence.

Table 6: Search Objective Ablation (k¥ = 5, MIMIC-
IV Mortality, 5 seeds). The full ToE objective achieves
the lowest Fidelity MAE. Removing stability (A=0)
doubles the error. At fixed k, the sparsity cost x has no
effect (identical to Full). Top-k Ranking without beam
search doubles the MAE (4100%).

Configuration AUROC AUPRC Fidelity MAE Comp.

Full (A=1.0, 4=0.05) 0.8001 £ 0.0165 0.3096 + 0.0672  0.0403 £ 0.0027  0.1112 % 0.0143
No Stability (A=0.0, z=0.05) 0.7738 £ 0.0338  0.3069 = 0.0622  0.0800 = 0.0052
No Sparsity (A=1.0, p=0.0) ~ 0.7915 £ 0.0385 0.3191 £ 0.0682 0.0408 + 0.0015 0.1025 5
Top-k Ranking (no search) 0.7735 4 0.0339  0.3066 4 0.0625  0.0806 = 0.0054  0.1357 £ 0.0158

Search vs. Ranking. To isolate the contribution
of combinatorial search from the scoring function,
we compare beam search against Top-k Ranking
using identical selector scores (Appendix A.7).
The advantage is most pronounced under strict
sparsity: at k=1, beam search achieves AUROC
0.783 £ 0.013 versus 0.768 £ 0.036 for ranking,
with fidelity MAE reduced by 11% (0.096 vs.
0.107). At k=5, the gap widens to +0.027 AU-
ROC and 50% lower MAE (0.040 vs. 0.081). The

Table 7: Search exhaustion rates for true positive (TP)
vs. false positive (FP) predictions. When the model
is wrong, the search exhausts its budget 4-26x more
often.

Metric eICU MIMIC-1V
TP search exhaustion rate ~ 0.3% 7.2%
FP search exhaustion rate ~ 7.3% 30.2%
FP / TP exhaustion ratio 25.6% 4.2x

gap narrows at higher budgets as the evidence space
saturates, confirming that combinatorial search mat-
ters most at sparse budgets where the model must
identify the most decisive evidence units.

4.5 Auditing Model Reliability via Search
Behavior

ToE is faithful to the mode!’s logic, not to clinical
ground truth; if the base predictor relies on spurious
correlations or biases, ToE will faithfully surface
them. We argue this is a feature rather than a lim-
itation: ToE’s search behavior provides a built-in
diagnostic for prediction reliability.

Among positive predictions, we observe a sys-
tematic divergence between true positives and false
positives (Table 7). When the model is correct,
ToE finds supporting evidence almost immediately.
When the model is wrong, the search struggles
and exhausts its budget 4-26 X more often. This
asymmetry enables selective abstention: flagging
predictions where the search exhausted its budget
catches 7.3% of false positives on eICU while los-
ing only 0.3% of true positives, improving preci-
sion with negligible sensitivity loss. A spurious
feature injection experiment further validates this
signal: a model retrained with a deliberately spu-
rious feature (80/20 correlated in training, 0% in
test) requires 4.5 x more evidence to converge and
halves its convergence rate (Appendix A.8).

4.6 Efficiency Analysis

A common concern with search-based methods is
latency. Our timing analysis reveals that ToE adds
only ~13ms of overhead per patient compared to
the full forward pass. This efficiency, achieved via
caching BERT embeddings and lightweight GRU
updates, makes ToE suitable for real-time clinical
deployment.

4.7 Qualitative Analysis

To understand how ToE navigates the multimodal
landscape, we visualize search traces for two repre-
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Table 8: Qualitative comparison of ToE traces. (Left) ToE efficiently solves clear-cut cases using only vitals. (Right)
ToE dynamically integrates clinical notes to surface interpretable clinical context, extracting specific medical
concepts (e.g., “Alveolar Edema”) to ground the prediction.

Case A: Efficient Triage (Patient A)

Case B: Multimodal Synergy (Patient B)

Task: Mortality Prediction
Full Model Prob: 0.0005 (Low Risk)
Final Trace: £ = 1 (Vitals Only)

Task: Mortality Prediction
Full Model Prob: 0.861 (High Risk)
Final Trace: k = 10 (8 Vitals + 2 Notes)

Search Step 1: Add Vitals W5
— Evidence: [Physiological Window 5]
— Sufficiency: 0.998 (Threshold Met)

Search Steps 1-8: Add Vitals W23, W1, . .., W1
— Evidence: [Multiple Physiological Windows]

— Sufficiency: 0.840 (Plateau)

Outcome: The search terminates immediately. The model
determines that the vital signs alone are sufficient to justify
the “Low Risk” prediction. No notes are processed.

Search Step 9: Add Note N2

— Evidence: “...Coalescent, bilateral, perihilar opacities
reflect alveolar edema. .. suggest volume overload.”

— Sufficiency: 0.833 (Stable)

Search Step 10: Add Note N3
— Evidence: [Additional Radiology Report]
— Sufficiency: 0.833 (No Change)

Outcome: Vitals carry the primary predictive signal but
plateau below the sufficiency threshold. The search retrieves
the “Volume Overload” finding to provide clinically inter-
pretable grounding for the high mortality risk. The slight
sufficiency dip (0.840 — 0.833) falls within noise; since
Tsuff = 0.9 is unmet, the search continues and surfaces
cross-modal evidence.

sentative patients in Table 8.

Case A: Efficient Triage (Vitals-Only). For Pa-
tient A, the model identifies a clear physiologi-
cal deterioration solely from time-series data. The
search selects a single vital-sign window (W5) show-
ing acute instability. This evidence alone yields a
sufficiency score of 0.998, triggering the stopping
criterion immediately (k = 1). By recognizing that
the vitals are unambiguous, ToE avoids processing
the clinical notes entirely, reducing computational
cost.

Case B: Multimodal Resolution. In contrast,
Patient B presents a more complex picture. The
search initially retrieves multiple time-series win-
dows (W23, W1, ..., W11), but the sufficiency score
plateaus around 0.84, indicating the physiological
signals alone do not fully explain the model’s high-
risk prediction. At this plateau, ToE expands to
the clinical notes, retrieving a specific radiology
report segment (N2) that documents "...bilateral
perihilar opacities reflect alveolar edema... sug-
gest volume overload." While sufficiency remains
stable (0.833), this textual evidence provides the
causal context (Volume Overload) that grounds the
physiological signals in a clinically interpretable
explanation, demonstrating ToE’s ability to surface

relevant cross-modal evidence even when the vitals
alone carry the predictive signal.

5 Conclusion

We introduced ToE, an inference-time search
framework that formulates interpretability as a dis-
crete optimization problem over evidence units,
combining Evidence Bottlenecks with beam search
to produce auditable traces. Across six task—dataset
settings spanning MIMIC-1V, eICU, and LEMMA-
RCA, ToE retains at least 98% of full-model AU-
ROC with as few as five evidence units. At sparse
budgets, ToE achieves lower fidelity error than
LIME, SHAP, saliency, and Top-k Ranking, out-
performs CBMs without predefined annotations,
and beats LLMs up to 70B parameters with only
109M. Beyond explanation, ToE’s search behavior
serves as a reliability diagnostic: exhaustion rates
are 4-26x higher for false positives than true pos-
itives, enabling selective abstention and showing
that search-based rationales can recover a model’s
decision logic more faithfully than ranking or post-
hoc attribution.

6 Limitations

ToE produces evidence sets that are faithful to the
underlying model’s decision logic, not to clinical
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ground truth. If the base predictor relies on spuri-
ous correlations or biases, ToE will surface them
rather than correct them, though, as shown in Sec-
tion 4.5, this model-faithfulness itself serves as a
diagnostic for unreliable predictions. More broadly,
ToE is an interpretability wrapper: it cannot fix er-
rors in the base model, and its coarse evidence
units (hourly windows, report chunks) may omit
finer-grained clinically relevant signals.

The framework is currently validated on late-
fusion architectures with separable evidence
streams; extending to cross-attention or early-
fusion models requires additional design. Beam
search finds near-optimal evidence sets under
the scoring heuristic, not globally optimal ones,
though exhaustive enumeration confirms gaps be-
low 0.001 AUROC at small k¥ on MIMIC-1V (Ap-
pendix A.7.3). Finally, while ToE’s ~ 13ms over-
head is practical for most settings, runtime may
increase with longer note histories or larger beam
widths.

7 Ethical Considerations

Clinical Safety and Intended Use. This research
presents a prototype for clinical decision support
and is not intended for autonomous diagnosis or
treatment planning. False negatives in mortality
prediction could lead to reduced care, while false
positives could cause alarm fatigue. ToE is de-
signed explicitly to mitigate these risks by forcing
the model to show its work, allowing clinicians to
verify or reject the machine’s rationale. We empha-
size that the selected evidence is a mathematical
construct reflecting the model’s confidence, not a
comprehensive summary of the patient’s clinical
state.

Data Privacy and Compliance. Our models
were developed using the MIMIC-IV dataset,
which contains de-identified electronic health
records from Beth Israel Deaconess Medical Cen-
ter. We adhered to the PhysioNet Credentialed Data
Use Agreement, ensuring no attempt was made to
re-identify patients. Any deployment of this tech-
nology in a live clinical setting would require strict
adherence to local regulations (e.g., Health Insur-
ance Portability and Accountability Act (HIPAA)
in the United States, General Data Protection Reg-
ulation (GDPR) in Europe) and rigorous external
validation.

Bias and Fairness. Clinical datasets are known
to harbor demographic and socioeconomic bi-
ases. A model trained on MIMIC-IV (collected
in Boston, MA) may underperform or rely on dif-
ferent feature sets for underrepresented populations.
A key advantage of ToE is its ability to audit these
biases; by inspecting the evidence trees, stakehold-
ers can detect if the model relies on impermissible
proxies (e.g., insurance status or language barriers)
for its predictions. However, the search algorithm
itself does not remove these biases, and deploying
the model without fairness audits could perpetuate
existing healthcare disparities.
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Table Al: ToE Comprehensiveness (1) across evidence
budgets and four MIMIC-IV tasks (mean =+ std, 5
seeds).

k  El: Hospital Mort. E2: Long LOS  E3: ICU Mort. E4: Post-Obs Mort.
1 0.0413 £ 0.0050 0.0447 £ 0.0107  0.0326 £ 0.0050 0.0441 £ 0.0037
3 0.0885 £ 0.0104 0.0939 £ 0.0094  0.0749 £ 0.0092 0.0908 £ 0.0051

5

0.1112 4 0.0143
8 0.1293 £ 0.0177
12 0.1417 £0.0199
16 0.1489 £ 0.0216
20 0.1549 £ 0.0233
24 0.1612 £ 0.0186

0.1199 £ 0.0104  0.0961 £ 0.0131
0.1431 £0.0117  0.1138 £ 0.0159
0.1582 £+ 0.0125 0.1270 £ 0.0180
0.1644 £ 0.0123  0.1342 £ 0.0190
0.1681 £ 0.0119  0.1390 £ 0.0201
0.1616 £ 0.0097  0.1307 & 0.0403

0.1139 4 0.0067
0.1334 4 0.0089
0.1463 4 0.0108
0.1541 4+ 0.0121
0.1596 4 0.0137
0.1539 4 0.0287

Calibration Analysis: Full Model vs Tree-of-Evidence

Figure Al: Calibration Analysis. Full Model (Blue)
vs. ToE at k=5 (Red). ToE preserves calibration (ECE
0.254 vs. 0.259) while using sparse evidence.

A Appendix

A.1 Detailed Performance Across Budgets

Figure A4 and Table A1 detail the performance of
ToE across varying evidence budgets (k). Notably,
Sufficiency AUROC saturates at £ = 5, indicating
that a handful of clinical events are often sufficient
for robust diagnosis.

A.2 Calibration Analysis

We evaluated calibration using Expected Calibra-
tion Error (ECE). As shown in Figure Al, ToE
achieves comparable calibration to the full model
(ECE 0.254 vs. 0.259), with both models exhibit-
ing similar reliability curves across probability bins.
The prediction distributions confirm that ToE pre-
serves the full model’s confidence profile while
operating on only k=5 evidence units.

A.3 Evidence Size Distribution

Figure A2 illustrates the distribution of selected ev-
idence sizes at budget k=5, stratified by patient
outcome and prediction correctness. When the
model is correct (n=8,032), ToE frequently finds
sufficient evidence before exhausting the budget,
with notable mass at k=1-4. When the model is
incorrect (n=3,147), the search almost universally
consumes the full budget (k=5), reflecting the ab-
sence of a coherent evidence subset that supports
the (wrong) prediction. This asymmetry makes evi-
dence utilization a diagnostic signal for prediction
reliability.

Evidence Size by Mortality Outcome Evidence Size by Prediction Correctness

8000 | == Survived (n=9,889) 6000
= Died (n=1,290)

1 2 H 4
Total Evidence Size (TS + Notes)

Total Evidence Size (TS + Notes)

Figure A2: Evidence Size Distribution (k=>5, MIMIC-
IV Mortality). Left: By mortality outcome, both
groups concentrate at the budget cap, with survivors
showing slightly more early stopping. Right: By pre-
diction correctness, correct predictions exhibit greater
evidence efficiency (more mass at £ < 5), while in-
correct predictions exhaust the full budget in 97% of
cases, indicating the search struggles to find supporting
evidence when the model is wrong.

Figure A3: LLM/MLLM, CBM, and ToE Com-
parison on E1 (In-Hospital Mortality, MIMIC-IV).
(a) AUROC and (b) AUPRC for 7 text-only LLMs (1B—
70B), 3 vision LLMs (12-27B), Hard CBM (24 clin-
ical concepts), and ToE at k=1,5,10 (109M parame-
ters). Error bars denote £1 std (bootstrap for LLM-
s/CBM, 5 seeds for ToE). Dashed line indicates the
full model. ToE k=5 outperforms the best 70B LLM
(Med42) by +0.055 AUROC with 640x fewer parame-
ters, and adding vision to LLMs degrades performance.

A4 Tree of Evidence (ToE) Algorithm

We provide below an algorithm for the ToE (Algo-
rithm 1).

A.5 Full LIME/SHAP Comparison

Figure A4 extends the main-paper compari-
son (Table 2) to all evidence budgets k£ €
{1,3,5,10,15,20,25} with AUROC, AUPRC, Fi-
delity MAE, and ECE.

A.6 Full LLM/MLLM and CBM Comparison

Figure A3 reports the complete comparison against
10 open-source LLMs, CBM, and multimodal
LLMs on E1 (Hospital Mortality), evaluated via
zero-shot prompting on the full test set. All models
are run locally via vLLM (Kwon et al., 2023).
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Figure A4: Complete comparison of ToE, LIME, and SHAP across four MIMIC-IV tasks (E1-E4, 5 seeds,

k € {1,3,5,10, 15,20, 25}). Rows: AUROC, AUPRC,

Fidelity MAE, ECE. Columns: E1 (In-Hospital Mortality),

E2 (Long LOS), E3 (ICU Mortality), E4 (Post-Obs Mortality). Shaded regions denote +1 std. ToE consistently
achieves the best ECE across all tasks and competitive AUROC at sparse budgets (k < 5), while SHAP converges

at higher k£ with lower MAE.

A.7 Search vs. Ranking: Full Comparison

Table A2 provides the full comparison between
ToE beam search and Top-k Ranking across all
evidence budgets (E1: Hospital Mortality).

Table A2: Search vs Ranking Comparison Across Evi-
dence Budgets (MIMIC-IV Mortality, 5 seeds).

Beam Search (ToE) Top-%k Ranking
AUROC Fidelity MAE AUROC Fidelity MAE

1 0.783340.0128 0.0958 £0.0053 0.7676 + 0.0362 0.1073 & 0.0071
3 0.7967 £ 0.0152  0.0481 4+ 0.0023 0.7739 4 0.0343  0.0798 & 0.0054
5 0.8001+0.0165 0.0403 £0.0027 0.7735+ 0.0339  0.0806 % 0.0054
8 0.8028 £0.0162 0.0367 +0.0023 0.7722 4 0.0325 0.0840 £ 0.0056
12 0.8039 4+ 0.0167 0.0333 +0.0022 0.7713 4 0.0314  0.0859 & 0.0060
16 0.8046 £0.0160 0.0307 +0.0022 0.7723 4 0.0311  0.0848 £ 0.0061
20 0.8048 £0.0156 0.0284 £0.0019  0.7766 £ 0.0319  0.0783 £ 0.0059
24 0.8043 £0.0159 0.0254 £0.0016 0.7837 £0.0346  0.0459 £ 0.0047

ko

A.7.1 STE Temperature Sensitivity

Table A3 reports the effect of STE temperature
ToTE on selector performance, with full retraining
per temperature (eICU, ICU Mortality).

Table A3: STE temperature sensitivity (eICU). Perfor-
mance varies <1% across a 50X range.

st Suff. AUROC (k=6) AUPRC (k=6) Suff. AUROC (k=1)

0.1 0.792 0.316 0.741
0.5 0.797 0.321 0.740
1.0 0.799 0.325 0.753
2.0 0.799 0.319 0.745
5.0 0.790 0.313 0.748
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Table A4: ToE vs Zero-Shot LLLM. Comparison on a representative subset of 5 patients. While the LLM achieves
perfect prediction accuracy by leveraging external medical knowledge, ToE remains faithful to the underlying
model’s logic. ToE selects significantly sparser evidence (Avg 6.2 vs. 9.0 windows) while maintaining reasonable

overlap with the LLM’s clinical reasoning.

Patient ID Outcome Prediction Evidence Size (k) Jaccard Key Insight
ToE LLM ToE LLM Overlap
1 Survived v v 1 5 20.0% ToE solved via single vital; LLM was cautious.
2 Survived v v 6 9 50.0% Strong agreement on deterioration intervals.
3 Died 4 4 8 11 46.2% Both flagged critical physiological decline.
4 Survived v v 8 9 30.8% LLM prioritized stable periods differently.
5 Died X v 8 11 35.7%  Audit Win: ToE exposed model blindness to GCS.
Average - 80% Acc  100% Acc 6.2 9.0 36.5% ToE is ~ 30% more sparse than LLM.

Algorithm 1 Tree-of-Evidence (ToE) Inference
Search
Require: Trained models; Candidates W, N
Beam width B
Compute target pg,; and ggyy using all data
Cache note chunk embeddings {e; }
Beam «+ [(0%,0"")]
for step = 1 to Spax do
Candidates < ()
for state (m", m™) in Beam do
Expand by adding one unused w € W
orneN
Compute score(-) via Eq. (10)
: Candidates <+ Candidates U
{NewsState }
10: end for
11: Beam <+ Top-B(Candidates)
12: if Beam|0] meets thresholds Tconf, Tsuff
then
13: return Beam|0] > Minimal Sufficient
Set
14: end if
15: end for
16: return Best state in Beam

NN RN

o ®

A.7.2 Probability-Space vs. Logit-Space
Stability

Table A5 compares probability-space and logit-
space definitions of the stability term S(m) across
evidence budgets (E1: Hospital Mortality, MIMIC-
IV).

Probability-space stability yields 44% lower fi-
delity MAE at k=5. Notably, logit-space MAE
plateaus at ~0.05 regardless of budget, whereas
probability-space MAE continues decreasing with
more evidence. This pattern is confirmed on eICU.

Table AS5: Probability-space vs. logit-space stability.
Probability-space achieves consistently lower fidelity
MAE.

k  Space AUROC Fid. MAE Comp.
1 Probability 0.755 0.090 0.029
Logit 0.749 0.100 0.040
5 Probability 0.773 0.030 0.097
Logit 0.768 0.054 0.131
12 Probability 0.773 0.014 0.130
Logit 0.769 0.051 0.189

Table A6: Optimality gap: ToE vs. exhaustive search.

Dataset k  ToE AUROC Exhaustive Gap

MIMIC-1V 1 0.7550 0.7543 +0.0007
MIMIC-1V 3 0.7706 0.7697 +0.0009
LEMMA-RCA all 0.7181 0.7252 —0.0071

A.7.3 Optimality Gap Analysis

To assess how close beam search comes to the
global optimum, we compare ToE against exhaus-
tive enumeration at small £ where enumeration is
tractable (Table A6).

At k=1 and k=3, ToE matches the global op-
timum (gap < 0.001 AUROC, within bootstrap
confidence intervals). Exhaustive search becomes
infeasible for £ > 5 (>1M subsets per patient at
k=5 on MIMIC-IV).

A.8 Spurious Feature Injection

To test whether ToE’s search behavior can detect
model reliance on spurious features, we retrain the
model with a deliberately spurious binary feature
that is 80% correlated with mortality in the training
set but has 0% correlation in the test set.

The corrupted model requires 4.5x more evi-
dence to converge (p < 0.001) and has half the
convergence rate (46% vs. 93%). Within the cor-
rupted model, the asymmetry between flag=1 and

29226



Table A7: Hyperparameter sensitivity summary.

Hyperparameter Range Dataset(s) Key Finding
Stability space Prob vs. Logit ~ MIMIC +eICU  Prob-space 44% lower MAE
Tsuff .70, .80, .90, .95 eICU Higher — better fidelity

A (stability) 0,1.0 MIMIC A=0 doubles MAE

flag=0 patients (55% vs. 37% convergence) reveals
the specific source of bias. This confirms that ToE’s
search difficulty is a reliable signal for detecting
spurious model reasoning.

A.9 Hyperparameter Sensitivity

Table A7 summarizes sensitivity to key hyperpa-
rameters beyond the A/ ablation reported in the
main paper (Table 6).

At fixed evidence budgets, stopping thresholds
(Teonf, Tsuff) have zero effect since they only con-
trol dynamic stopping. The method is robust to
stability-space choice and threshold values but sen-
sitive to A, which is a core design parameter.

A.10 Comparison with Zero-Shot LLM
Evidence Selection.

To contextualize ToE evidence selection against a
strong "clinician-like" baseline, we compare ToE
to a zero-shot LLM that selects hourly evidence
windows from the same 24-hour observation pe-
riod. We summarize results on ICU stays where
both methods produce an explicit set of windows. !
Across these cases, ToE achieves higher predictive
accuracy than the LLM (0.655 + 0.064 vs. 0.619
+ 0.070), while also selecting similarly small ev-
idence sets on average (5.0 £ 0.0 vs. 4.9 + 1.1
windows). To quantify agreement between the two
evidence traces, we compute Jaccard similarity be-
tween the selected window sets. Agreement re-
mains modest overall, with a mean Jaccard similar-
ity of 0.125 + 0.106 for time-series evidence, 0.310
+ 0.462 for clinical notes, and 0.112 + 0.090 when
combining all modalities. Table A4 highlights five
illustrative patients (not representative of aggregate
Jaccard, which is lower — see above): ToE selects
fewer evidence windows while maintaining non-
trivial overlap in these cases (mean Jaccard 0.365).
Importantly, when the model is wrong, ToE’s trace
remains valuable because it reveals which evidence
the model actually relied on, enabling targeted au-
diting.

'We use "evidence size" to denote the number of selected
hourly windows. For ToE, this corresponds to the final ev-
idence set returned by the beam search. For the LLM, this

corresponds to the set of windows it explicitly marked as
supporting evidence.

A critical divergence occurred with Patient 5
(Died), where the LLLM correctly predicted "High
Risk" by identifying persistent neurological fail-
ure (Glasgow Coma Scale (GCS) 8-10). In con-
trast, ToE faithfully revealed that the underlying
EB model predicted "Low Risk" because it priori-
tized stable respiratory signals (SpO2 ~100%) and
ignored the GCS trajectory. This failure case high-
lights the danger of using LL.Ms as explanations:
the LLM "hallucinated" a correct reasoning path
that the model did not actually use. ToE, by con-
trast, successfully exposed the model’s blind spot
regarding neurological status.
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