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Abstract1

Integrated Gradients (IG) is a popular method2

for explaining clinical deep models—including3

widely used multimodal, pretrained Transform-4

ers—but its utility on EHR code sequences is5

hampered by (i) the lack of principled base-6

lines for sequence of discrete tokens and (ii)7

dense, hard-to-interpret generated attributions.8

To address both, first, we introduce a manifold-9

aware baseline: the mean input embedding10

(computed on the validation set), which keeps11

IG’s interpolated points close to typical se-12

quences in embedding space. Second, we in-13

troduce GS-IG, which preserves the straight14

path geometry but re-parameterizes the sched-15

ule α(t) = tθ and selects θ per input by minimiz-16

ing a token-level ℓ2,1 (group-sparsity) objective,17

producing concise, practitioner-friendly expla-18

nations. On MIMIC-IV (incident heart failure)19

and MDC (early mortality), the manifold-aware20

baseline improves faithfulness (higher Compre-21

hensiveness, lower Sufficiency), and GS-IG re-22

duces token-level ℓ2,1 by 9–18% with negligible23

change in those metrics on the manifold-aware24

baseline. The method is lightweight and yields25

faithful, sparse, and actionable explanations.26

Keywords: Integrated Gradients, Explain-27

ability, Multimodal Transformers, Group Spar-28

sity, Manifold-aware, Electronic Health Records29

(EHR), Patient trajectories30

Data and Code Availability This research has31

been conducted using the MIMIC-IV (v2.2) and32

the Malmö Diet and Cancer (MDC) Cohort data.33

MIMIC-IV (v2.2) is publicly available at https:34

//physionet.org/content/mimiciv/2.2/. The35

MDC data used in this study are not pub-36

licly available due to restrictions imposed by the 37

Malmö Population-Based Cohorts Joint Database; 38

data may be requested with appropriate approvals 39

from the database (https://www.malmo-kohorter. 40

lu.se/malmo-cohorts). The code is avail- 41

able at https://github.com/ali-amirahmadii/ 42

Group-Sparse-IG; 43

Institutional Review Board (IRB) Research on 44

de-identified data from MIMIC-IV is exempt from 45

IRB review under HIPAA. Use of the Malmö Diet and 46

Cancer (MDC) Cohort was approved by the Swedish 47

Ethical Review Authority (Dnr 2023-00503-01). 48

1. Introduction 49

Deep neural networks—particularly Transformer 50

architectures in large foundation models—have 51

achieved state-of-the-art, and in many cases superhu- 52

man, performance across a broad range of vision, lan- 53

guage, and multimodal benchmarks Bommasani et al. 54

(2021); Guo et al. (2023); Wornow et al. (2023); Ami- 55

rahmadi et al. (2025b). Yet in risk-sensitive settings 56

the value of a model hinges not only on how often it 57

is correct, but also on why it issues a given decision. 58

Post-hoc attribution methods therefore play a cru- 59

cial role in turning black-box predictions into action- 60

able insight. Among these methods, Integrated Gra- 61

dients(IG) (Sundararajan et al., 2017) is especially 62

popular because it addresses the gradient saturation 63

challenge through line integration and satisfies key 64

axioms (Sensitivity, Implementation Invariance, Lin- 65

earity, and completeness). See 2.1 and A.11. 66
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However, two important design choices restrict IG’s67

effectiveness on non-image architectures that operate68

in embedding space. The baseline and the integration69

path from the baseline to the input. Straight-line IG70

assumes access to an input that represents “absence71

of evidence”. While a black canvas or zero vector72

suffices for pixels, categorical sequences—sentences or73

streams of medical codes—lack an obvious null token.74

Recent NLP work resorts to special embeddings such75

as <MASK> or explains one token at a time (Sequential76

IG Enguehard (2023)) to keep interpolates meaning-77

ful, but these synthetic heuristics can push paths off78

the data manifold and leave the global baseline ill-79

defined. Path choice also matters. Straight lines in80

embedding space may traverse low-density regions,81

amplifying gradient noise and reducing faithfulness.82

Moreover, downstream users typically prefer a con-83

cise list of decisive factors over a dense saliency map.84

We revisit IG through the lens of data-manifold85

alignment and group sparsity. Our central insight86

is that, for models operating in an embedding space87

with natural groups (e.g., words, diagnosis codes),88

the baseline should consider that structure.89

Manifold-aware baseline. We take the90

mean embedding of validation-set patient trajecto-91

ries—averaging token vectors while preserving po-92

sitions—and use these vectors as a principled ‘null’93

point. By manifold-aware, we mean near the learned94

embedding distribution, i.e., close to the high-density95

regions formed by embeddings the model produces96

on real validation data, rather than synthetic, low-97

density special tokens.98

Group-Sparse prior path. Inspired by99

adaptive-path methods, we keep the straight IG path100

and only reparameterize its speed via the schedule101

α(t) = tθ. For each input, we select the θ that encour-102

ages token-level sparsity. Entire embeddings (tokens)103

therefore rise or fall together, yielding token-level104

rather than dimension-level attributions.105

Contributions106

• Manifold-aware baseline for discrete se-107

quences. We propose a position-wise empirical108

mean of token embeddings to anchor IG near the109

model’s data manifold.110

• Path-optimized, group-sparse IG. We re-111

tain straight-path geometry but re-parameterize112

the schedule α(t) = tθ and select θ per input by113

minimizing a token-level ℓ2,1 objective, yielding114

concise, group-sparse attributions while preserv-115

ing IG’s axioms.116

• Empirical gains on two EHR cohorts. On 117

a multimodal Transformer for early mortality 118

(MDC) and incident heart failure (MIMIC-IV), 119

the manifold-aware baseline improves faithful- 120

ness (Comprehensiveness↑, Sufficiency↓); adding 121

GS-IG matches vanilla IG on fidelity while re- 122

ducing token-level group sparsity by ≈ –18% on 123

the manifold-aware baseline. 124

By disentangling baseline selection, path schedul- 125

ing, and sparsity priors, our approach turns IG into 126

an explainer for modern multimodal Transformers, 127

delivering faithful, concise, and actionable attribu- 128

tions wherever inputs are represented as learned em- 129

beddings. 130

2. Methods 131

We first review the notation and the classical 132

Integrated-Gradients (IG) framework, then introduce 133

a manifold-aware baseline that is suited to categori- 134

cal sequences processed by a transformer, and finally 135

present our Group Sparse path-optimised IG (GS- 136

IG) algorithm, which couples an adaptive integration 137

schedule on the straight path with a group-lasso prior 138

to obtain concise, token-level attributions. 139

2.1. Preliminaries 140

2.1.1. Notation and definitions 141

Let F : Rd → R denote a trained neural network 142

whose scalar output we wish to explain; when the 143

model has a vector output, we treat each component 144

separately. A single input example is the multimodal 145

tuple x =
(
x(1), . . . , x(M)

)
, where M is the number 146

of modalities under consideration. For a sequence 147

modality—such as a sentence or a stream of diag- 148

nosis codes—the j-th discrete token is mapped by 149

the embedding layer to ej ∈ Rde . Also, continu- 150

ous modalities (e.g. age, laboratory values) are left 151

in their native Euclidean spaces. 152

Integrated-Gradients methods require a baseline 153

input x′ that represents the absence of informative 154

features. Together with x it defines a differentiable 155

path γ : [0, 1] → Rde satisfying γ(0) = x′ and 156

γ(1) = x. Throughout, we assume that the d in- 157

put coordinates can be partitioned into a collection 158

of disjoint groups, G = {G1, . . . , G|G|}. All de coordi- 159

nates of a single token embedding belong to the same 160

group, which will allow us to impose sparsity at the 161
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token—rather than dimension—level in subsequent162

sections.163

2.1.2. Integrated Gradients164

IG (Sundararajan et al., 2017) explains a predic-165

tion by integrating the input–output sensitivity of166

the model along a continuous path, that connects the167

baseline x′ to the observation x. The attribution as-168

signed to the ith input coordinate is169

IGi(x;x
′, γ) =

∫ 1

0

∂F
(
γ(t)

)
∂γi(t)

∂γi(t)

∂t
dt, (1)

which reduces to the familiar straight-line formula-170

tion when γ(t) = x′+t (x−x′). Equation (1) satisfies171

the completeness axiom,
∑

i IGi = F (x)− F (x′), en-172

suring that the total attribution equals the change in173

the model output between the baseline and the input.174

In practice, the integral is approximated with a175

Riemann sum over K samples tk:176

ÎGi(x;x
′, γ) =

K∑
k=1

gk,i ∆γk,i,

gk = ∇xF
(
γ(tk)

)
,

∆γk,i = γi(tk)− γi(tk−1).

(2)

Here, γ(tk) denotes the k-th intermediate input (a177

point in input space) along the path from the baseline178

x′ to the input x, and γi(tk) is the i-th feature of this179

point.180

2.2. Manifold-Aware Baseline181

IG explanations are known to be highly sensitive to182

the choice of baseline. Whereas a zero image or si-183

lence frame can serve as a natural “null” input for vi-184

sion or audio, defining an absence-of-evidence point185

for a sequence of categorical tokens is less obvious.186

Prior work often uses sequences of special symbols187

such as <PAD> or <MASK>; however, these are syn-188

thetic and can lie outside the empirical data mani-189

fold, and may yield noisy or even misleading interpo-190

lations (Enguehard, 2023; Kapishnikov et al., 2021).191

Figures 1 illustrate that commonly used baselines lie192

far from the model’s learned embedding manifold for193

medical trajectories from the MDC and MIMIC-IV194

datasets (See 3.1).195

To alleviate this problem we replace discrete196

dummy tokens with a manifold-aligned baseline con-197

structed directly from the validation data. For198

modality m, we pass each validation sequence199

through the transformer and collect the embeddings 200

h
(m)
n,j ∈Rde produced for token j in sample n. Those 201

token states are concatenated in their original order 202

to form a single sequence-level embedding, 203

E(m)
n =

[
h
(m)
n,1 ∥ h

(m)
n,2 ∥ · · · ∥ h

(m)
n,Lm

]
∈ RLmde ,

where Lm is the length of the sequence and de is 204

the embedding dimension. Computing the centroid 205

in embedding space across the validation set, the em- 206

perical mean, 207

µ(m) =
1

N

N∑
n=1

E(m)
n , (3)

yields a single baseline that (i) lies near the support 208

of the learned embedding distribution, (ii) preserves 209

positional structure through concatenation, and (iii) 210

is free of heuristics tied to any particular vocabulary 211

item. The vector µ(m) is reused for every test se- 212

quence belonging to modality m, providing a stable 213

and semantically grounded origin for the IG path in- 214

tegral. For the numerical features we adopt the con- 215

ventional baseline x′(m) = meann(x
(m)
n ). Then IGs 216

are computed per modality using the corresponding 217

baseline and then concatenated to yield a unified at- 218

tribution vector. 219

Why it helps: IG attributes the change in predic- 220

tion along a path from a baseline x′ to the input x. 221

When x′ is a special token (e.g., <PAD>, the straight- 222

line path traverses low-density regions of the learned 223

embedding distribution, which can amplify gradient 224

noise. Selecting x′ as the mean of the embeddings 225

(Eq. (3)) keeps the interpolates near higher-density 226

neighborhoods and yields less noisy accumulation. 227

See Appendix A.10 for an empirical analysis show- 228

ing that the mean-embedding baseline lies in higher- 229

support regions of the sequence-embedding space and 230

improves IG path quality. 231

2.3. Group-Sparse IG (GS-IG) 232

Conventional gradient-based explanation methods, 233

including vanilla IG, usually return dense saliency 234

scores that are difficult to read and even harder 235

to act upon (Heo et al., 2019; Ghorbani et al., 236

2019; Zhang and Farnia, 2023). We propose Group- 237

Sparse IG (GS-IG), which produces compact, token- 238

level explanations by re-parameterizing the IG path’s 239

speed/schedule and selecting its schedule to encour- 240

age group sparsity across each token’s embedding 241

coordinates. In contrast to MoreauGrad—which 242
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(a) MDC dataset (b) MIMIC-IV dataset

Figure 1: t-SNE visualization of input embeddings and baseline reference points (see Section 3.3.1). Some
traditional baselines may align with a small sub-cluster but do not represent the majority of
samples in the model’s embedding space.

smooths the class-score function via a Moreau en-243

velope and can impose ℓ1 or ℓ2,1 penalties to pro-244

duce sparse or group-sparse interpretations (Zhang245

and Farnia, 2023)—our method remains within the246

IG family: we don’t compute a proximal inner prob-247

lem; instead, we choose the integration schedule that248

makes IG naturally sparse at the token level.249

One-parameter path schedule. We replace the250

straight-line schedule α(t) = t with251

γθ(t) = x′+αθ(t) (x−x′), αθ(t) = tθ, θ ∈ [0.1, 5.0],
(4)

where the exponent θ smoothly interpolates be-252

tween baseline-biased (θ > 1) and input-biased (θ <253

1) trajectories (Fig. 2.3). We discretize t∈ [0, 1] at K254

points and form a Riemann sum in α as in Eq. (2).255

Unlike Kapishnikov et al. (2021), who alter the ge-256

ometry of the path in latent space, Eq. (4) keeps the257

geometry fixed but changes its schedule; This single258

scalar degree of freedom is cheap to search and em-259

pirically sufficient to promote sparser explanations.260

Group Sparse objective over tokens. Let261

ÎGemb(x, x
′; θ) ∈ RL×de denote the IG attribution262

matrix in embedding space (Eq. (1)), where row j263

corresponds to token position j. We define token264

saliency via the group norm sj =
∥∥ÎGemb[j, :]

∥∥
2
and265

select θ by minimizing an ℓ2,1, Group Lasso Yuan and266

Lin (2006), penalty over all token’s embedding vec-267

tors and a ℓ1, Lasso penalty, element-wise penalty:268

L(θ) = λgrp

L∑
j=1

mj

∥∥ÎGemb[j, :]
∥∥
2
+ λ1

∥∥ÎGemb

∥∥
1
,

(5)

Figure 2: Effect of θ on the IG traversal schedule
from baseline (α=0) to input (α=1). θ > 1
lingers near the baseline (baseline-biased);
θ < 1 spends more steps near the input
(input-biased). Equal steps in t therefore
correspond to unequal steps in embedding
space, changing where gradients are sam-
pled and accumulated along the path.
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where mj ∈{0, 1} masks out padding/special tokens.269

The first term promotes token-level sparsity (entire270

embeddings switch off together), aligning the expla-271

nation granularity with discrete inputs (words, medi-272

cal codes). The rest of this paper we only use the first273

term, group sparsity objective which suits our goals274

best. For more details on how group Lasso helps to-275

ken sparsity, please see Appendix A.1276

Sample-efficient path selection. Because θ is a277

scalar, we choose it per case via a fast Bayesian278

search over θ ∈ [0.1, 5.0] with K=50 path samples279

and T=10 trials. Each trial computes IG along the280

hook-injected path (Sec. 2.3) and evaluates L(θ); we281

keep θ⋆ = argminθ L(θ). This adds T IG runs per282

instance—lightweight relatively.283

Outcome. GS-IG turns dense embedding-level at-284

tributions into a concise list of influential tokens285

through a tunable path schedule and a group-sparse286

objective, yielding faithful yet compact explanations287

that align with how clinicians reason about medi-288

cal codes—and, more broadly, with domain experts’289

preference for sparse, actionable interpretations. By290

aligning baseline, path, and sparsity with the natural291

group structure of embedding spaces, GS-IG delivers292

concise, token-level explanations while retaining the293

theoretical guarantees of Integrated Gradients. As294

a path-based attribution method, GS-IG satisfies the295

standard IG axioms—completeness, sensitivity (a/b),296

and implementation invariance (Sundararajan et al.,297

2017). Notably, GS-IG preserves completeness be-298

cause, prior to any grouping or sparsification, it com-299

putes a standard path integral of the gradient be-300

tween two endpoints; re-parameterizing the path’s301

speed does not change the value of that integral.302

3. Experiments303

3.1. Datasets and Tasks304

We evaluate on two distinct cohorts and different pre-305

diction tasks: MIMIC-IV (Johnson et al., 2020) for306

Heart Failure (HF) prediction using both temporal,307

sequential EHR codes and static tabular demographic308

features; and the Malmö Diet and Cancer (MDC)309

dataset (Berglund et al., 1993) for early-death predic-310

tion using sequential medical codes and static tabu-311

lar risk factors. As MDC lacks other modalities (e.g.,312

notes or imaging), we focus only on these two most313

common modalities to evaluate the generalizability314

of our IG-based approach. Further dataset specifica-315

tions and problem formulations are in Appendix A.3 316

and A.4. 317

3.2. Evaluation Metrics 318

We evaluate the faithfulness of model explanations 319

with Comprehensiveness (Comp) and Sufficiency 320

(Suff), two widely used metrics in explainability re- 321

search (DeYoung et al., 2019; Sanyal and Ren, 2021; 322

Enguehard, 2023). Comp measures the drop in model 323

performance when the most k% important features 324

(as determined by an attribution method) are re- 325

moved, where a greater drop indicates a more faith- 326

ful explanation. Conversely, Suff evaluates how well 327

the model retains its confidence when only the most 328

important features are retained, with a smaller drop 329

suggesting that the model relies primarily on these 330

features for decision-making. Further details about 331

Comp and Suff are provided in Appendix A.5. 332

3.3. Experimental Setup 333

We train a multi-modal Transformer encoder (MMT) 334

to predict early death and first occurrence of Heart 335

Failure (HF), on the two datasets described in 336

Sec. 3.1. For robustness, we first pretrain a Trans- 337

former encoder on all training-set medical codes us- 338

ing TOO-BERT (Amirahmadi et al., 2025a), then 339

fine-tune it for each target task using the train- 340

ing/validation splits, and report all metrics on the 341

held-out test sets. Architectural details of the MMT 342

are provided in the Appendix A.2. 343

3.3.1. Manifold-aware baseline 344

We compare IG under several baseline choices 345

for both temporal categorical sequences and non- 346

temporal (tabular) features, and we also evaluate 347

them against two recent IG variants designed for 348

transformer encoders and baseline selection robust- 349

ness. 350

Given prior reports that IG often exhibits stronger 351

faithfulness than DeepLIFT (Shrikumar et al., 2017) 352

and GradientSHAP (Lundberg, 2017) in related set- 353

tings (Sanyal and Ren, 2021; Enguehard, 2023), we 354

focus primarily on IG with the baseline variants 355

above. 356

Methods compared. (i) Gradient×Input (Si- 357

monyan et al., 2013; Shrikumar et al., 2016): element- 358

wise product of inputs and their gradients. (ii) IG 359

(zero baseline): a zero tensor in embedding space 360

for sequences and a zero vector for tabular features. 361
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(iii) IG (pad-all): replace all medical codes with362

<pad> tokens before integrating. (iv) IG (mask-all):363

replace all medical codes with <mask> tokens before364

integrating. (v) IG (Pad equal to each trajec-365

tory baseline): replace all codes with <pad> while366

preserving the original number of tokens per visit.367

(vi) Sequential Integrated Gradients (SIG) (En-368

guehard, 2023): token-level IG computed sequen-369

tially, tailored to Transformer/Large LM architec-370

tures. (vii) Expected Gradients (EG) (Erion371

et al., 2021): an IG variant designed to be less sensi-372

tive to baseline. (viii) IG with manifold-aware373

baseline (in embedding space): our manifold-374

aligned baseline from Sec. 2.2.375

3.3.2. Group-sparse, path-optimized IG.376

We assess the effect of the proposed GS-IG (Sec. 2.3)377

by comparing IG with and without path optimiza-378

tion across all baselines. Group sparsity is measured379

over tokens using the sum of token-level ℓ2 norms380

of embedding attributions (group ℓ2,1); For an input381

(x, x′), let382

S(θ) =
∥∥ÎGemb(x, x

′; θ)
∥∥
2,1

=

L∑
j=1

mj

∥∥ÎGemb[j, :]
∥∥
2

be the token-level group-sparsity measure (mixed ℓ2,1383

norm; mj masks padding/special tokens). We report384

the relative reduction in group sparsity achieved by385

the optimized schedule θ⋆ (found as in Sec. 2.3) com-386

pared to the straight-line schedule (θ=1):387

RR2,1 = 100× S(θ=1)− S(θ⋆)

S(θ=1)
%;

4. Results & Discussion388

We tuned the MMT, pretrained with TOO-BERT,389

on the two described tasks. Comprehensive perfor-390

mance results by task and modality are reported in391

Appendix A.2.1.392

4.1. Impact of the Manifold-Aware Baseline393

on IG394

After training the MMT for each task, we evalu-395

ated explanation faithfulness (Tables 1 and Appendix396

Table 9) using Comprehensiveness (Comp; higher397

is better) and Sufficiency (Suff; lower is better).398

IG with proposed manifold-aware baseline consis- 399

tently outperforms other variants across both modal- 400

ities, and IG-based methods generally outperform 401

Gradient×Input. This underscores the central role 402

of a realistic, data-aligned baseline in attribution 403

quality. Appendix A.6 reports Comp/Suff across 404

k ∈ {10, . . . , 50}, showing similar conclusions. 405

For sequential data (patient trajectories), IG 406

(PAD-all) outperforms IG (MASK-all) on Suff in 407

both datasets (Table 1). The IG (PAD per- 408

trajectory) variant places the baseline point closer 409

to cluster centers in the learned embedding space e 410

(Fig. 1), but still lags the manifold-aware baseline 411

on both metrics in both tasks. SIG and GIG un- 412

derperformed on our MMT; For SIG, the primary 413

factors can be aggregation and redundancy—our ar- 414

chitecture pools token information (Transformer into 415

GRU), so single-token perturbations (as used by SIG 416

) often induce small output changes despite jointly 417

important codes. For GIG, the lower scores likely 418

reflect metric bias, Comp/Suff (insertion–deletion) 419

favor peaky, highly concentrated saliency maps, 420

whereas GIG’s default low-gradient, noise-avoiding 421

path yields more distributed attributions that these 422

metrics tend to undervalue.EG, despite reduced base- 423

line sensitivity in principle, does not surpass the 424

IG variants here—possibly because sampling from a 425

prior alone is insufficient for highly structured health- 426

care trajectories, and larger sample budgets are re- 427

quired to cover the overall complex structure of the 428

patients’ trajectories (see Appendix Tables 5–8 for 429

Comp and Suff evaluated at varying k%). Quantita- 430

tive results on the impact of the manifold-aware base- 431

line for tabular (input-space) features are provided in 432

Appendix A.8. 433

4.2. Impact of Path Optimization in IG 434

Dense, dimension-level attributions can hinder inter- 435

pretability. GS-IG adds a lightweight, per-sample 436

schedule selection to promote token-level sparsity 437

without degrading faithfulness. As shown in Ta- 438

ble 2, optimizing the schedule parameter θ via a small 439

Bayesian search (T=10 trials) reduces the mixed ℓ2,1 440

group norm (sum of token ℓ2 row norms) by roughly 441

5–18% across baselines, while keeping Comprehen- 442

siveness and Sufficiency essentially unchanged. This 443

indicates that modest path adaptations can tailor ex- 444

planations for improved readability at negligible cost 445

to faithfulness. 446
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Table 1: Faithfulness on sequential data. All IG-
family methods use K=50 steps;

Method (IG vari-
ants)

MIMIC-IV MDC

Comp
↑

Suff ↓ Comp
↑

Suff ↓

Gradient×Input 0.147 0.128 0.144 0.096
IG (zero baseline) 0.158 0.113 0.199 0.054
IG (pad-all base-
line)

0.156 0.108 0.206 0.026

IG (mask-all base-
line)

0.156 0.120 0.205 0.030

IG (pad per-
trajectory baseline)

0.162 0.154 0.222 0.056

SIG 0.101 0.142 0.018 0.138
EG (10 steps) 0.142 0.149 0.166 0.057
EG (50 steps) 0.132 0.137 0.173 0.058
GIG 0.111 0.134 0.159 0.031
IG (manifold-aware;
embedding space)

0.164 0.078 0.244 0.022

4.3. Qualitative Evaluation447

In contrast to text and images, there is no definitive448

or trivial ground truth for the importance of indi-449

vidual clinical events in our setting, which makes it450

difficult to assess the effect of different baselines solely451

by inspection. Following guidance on falsifiable inter-452

pretability (Leavitt and Morcos, 2020), we use qual-453

itative figures for context and pair them with falsifi-454

able tests: Comprehensiveness (↑) and Sufficiency (↓)455

Figure 3 contrasts three configurations on a held-456

out patient: (i) IG (mask-all baseline), a common457

practitioner choice; (ii) IG (manifold-aware baseline)458

(Sec. 2.2); and (iii) GS-IG (manifold-aware baseline459

with group sparsity; Sec. 2.3). Tokens are shown over460

time with signed contributions toward early death461

(red) or long life (blue). To preserve privacy, medical462

codes are anonymized as C1, C2, . . . ; the ICD/ATC463

mapping is withheld. The special token [SEP] marks464

visit boundaries (transition to the next encounter).465

Across methods, the sign of token contributions466

is largely consistent (Fig. 3); discrepancies typically467

occur only when attributions are near zero rather468

than as genuine sign flips. This stability is expected469

when the path remains in a locally linear regime of470

a piecewise-linear network (e.g., ReLU blocks): the471

directional derivative of the class logit along a token-472

embedding axis is then approximately constant, so 473

changing the baseline mainly rescales magnitudes 474

without reversing directions. When sign flips do oc- 475

cur across baselines, they reflect IG’s baseline de- 476

pendence—i.e., different counterfactuals F (x)−F (x′) 477

traced along different paths in embedding space 478

(Sec. 2.2). 479

Furthermore, adding group sparsity (GS-IG) im- 480

proves readability by pruning low-magnitude tokens 481

while preserving faithfulness (Table 2). Additional 482

qualitative results are provided in Appendix A.7 and 483

A.9. 484

5. Related Works 485

Attribution methods assign importance to input com- 486

ponents and can be categorized into three main 487

categories: gradient-based, attention-based, and 488

perturbation-based. Gradient methods are generally 489

more faithful to the model (Adebayo et al., 2018; Kin- 490

Figure 3: Qualitative comparison for a held-out pa-
tient from the MDC cohort predicted
as early death. Top: IG with
[MASK]-all baseline; Middle: IG with
(manifold-aware) baseline; Bottom: GS-
IG (manifold-aware + group sparsity).
Each panel shows medical-code attribu-
tions over time and reports the number of
active codes (non-zero attribution). Here,
GS-IG reduces active codes from 35 to 19
(vs. the middle panel), yielding a sparser,
more readable list of decisive factors. Red
indicates contributions toward early death;
blue indicates contributions toward long
life.
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Table 2: Effect of GS-IG on sequential attributions. ∆ group sparsity is the relative reduction in the token-
level group ℓ2 measure. Reported Comp and Suff correspond to the optimized schedule θ⋆;

.

Method (IG variants) MIMIC-IV MDC

Comp ↑ Suff ↓ (S(θ=1), S(θ⋆)) ∆ Group sparsity (%) Comp ↑ Suff ↓ (S(θ=1), S(θ⋆)) ∆ Group sparsity (%)

IG (zero baseline) 0.158 0.112 (4.30,3.89) 9.5 0.185 0.051 (2.29,2.18) 5.0

IG (pad-all baseline) 0.155 0.117 (7.32,6.58) 10.2 0.206 0.025 (4.46,4.21) 5.6

IG (mask-all baseline) 0.156 0.119 (12.30,10.86) 11.6 0.204 0.029 (4.26,4.01) 6.0

IG (pad per-trajectory) 0.161 0.156 (0.60,0.55) 8.9 0.223 0.058 (0.54,0.46) 13.9

IG (manifold-aware; embedding space) 0.164 0.079 (3.01,2.46) 18.2 0.243 0.023 (3.10,2.81) 9.2

dermans et al., 2019), while attention weights may491

not reflect true model reliance (Jain and Wallace,492

2019; Serrano and Smith, 2019; Hao et al., 2021), and493

perturbation approaches are often costly and sensi-494

tive to distribution shifts (Ribeiro et al., 2016b). For495

transformers on structured EHR, explainability has496

been previously explored via perturbation analyses497

for risk factors (Rao et al., 2022; Li et al., 2020),498

attention-based token/variable attribution (Lahlou499

et al., 2021; Rasmy et al., 2021; Avsec et al., 2021;500

Madan et al., 2024), SHAP adaptations (Kokalj et al.,501

2021), and IG for biological sequences (Madan et al.,502

2022).503

Despite its popularity, IG is sensitive to both the504

baseline and the integration path. Early NLP work505

noted that input gradients and LIME can be effec-506

tive in BERT but suffer from saturation/nonlinearity507

(DeYoung et al., 2019). To better respect the data508

manifold in embedding spaces, Sanyal and Ren (2021)509

proposed Discretized IG (DIG), which modifies the510

interpolation path so intermediate points remain511

meaningful in the embedding manifold. Enguehard512

(2023) introduced Sequential IG (SIG), computing513

token-level IG sequentially to reduce computational514

overhead for large transformers and showed it out-515

performs DIG. Expected Gradients (EG) averages IG516

over a distribution of baselines to reduce baseline sen-517

sitivity (Erion et al., 2021), and has been applied to518

pretrained clinical encoders (Rupp et al., 2023). Us-519

ing a mean embedding as an IG baseline has been520

suggested conceptually in prior work, but evaluations521

use zero or special-token baselines instead Bastings522

et al., 2021.523

Prior baselines for sequences often rely on spe-524

cial tokens (e.g., <PAD>/<MASK>), which may sit off-525

manifold and produce noisy interpolations. In con-526

trast, we construct a manifold-aware baseline from527

empirical averages of embedding-layer outputs (and528

input-space means for tabular features), yielding529

a single, position-agnostic “null” that stays near 530

the support of the learned embedding distribution 531

(Sec. 2.2). This differs from DIG/SIG/EG: DIG 532

enforces manifold-respecting paths, SIG restructures 533

computation at the token level, and EG marginalizes 534

over many baselines; our approach instead fixes a sin- 535

gle, data-aligned baseline that removes special-token 536

heuristics. 537

Several IG variants change the path between base- 538

line and input to reduce noise or improve robustness. 539

BlurIG (Xu et al., 2020) integrates along a blur con- 540

tinuum in pixel space. IG (Kapishnikov et al., 2021) 541

makes the path adaptive by progressively advancing 542

only low-sensitivity features. Manifold/Geodesic IG 543

(Zaher et al., 2024) IG aligns the path to a learned 544

data manifold, computing attributions along latent 545

geodesics (using a VAE-induced Riemannian metric). 546

While effective on images, these approaches intro- 547

duce nontrivial engineering cost—blur pyramids and 548

multiple forwards (BlurIG), per-step gradient rank- 549

ing and path updates (GIG), and training an effective 550

generative model for EHR trajectories plus solving 551

geodesics (Manifold IG)—and they rely on continu- 552

ous image operations that do not transfer cleanly to 553

discrete token sequences like patient code trajecto- 554

ries. 555

Sparse explanations are easier to audit and act 556

upon. MoreauGrad (Zhang and Farnia, 2023) 557

smooths the classifier via a Moreau envelope and can 558

impose ℓ1 or group-ℓ2,1 penalties to produce (group- 559

)sparse, robust saliency maps. Our GS-IG remains 560

within the IG framework and keeps the straight ge- 561

ometry in embedding space and re-parameterizes only 562

the schedule; we select θ per sample by minimizing 563

a group-sparse ℓ2,1 objective over token embeddings, 564

anchored by a manifold-aware baseline. 565
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6. Conclusion566

We revisited Integrated Gradients for models op-567

erating in embedding spaces and introduced two568

plug-and-play improvements. First, a manifold-569

aware baseline—the empirical mean of embedding-570

layer outputs (and input-space means for tabular fea-571

tures)—replaces synthetic tokens and keeps interpo-572

lates near the data manifold. Second, GS-IG selects a573

one-parameter integration schedule that minimizes a574

group-lasso measure of token attributions, producing575

concise, token-level explanations without modifying576

the model. Across two clinical cohorts (MIMIC-IV,577

MDC) and multimodal transformers, the manifold-578

aware baseline improved faithfulness (higher Compre-579

hensiveness, lower Sufficiency) over common heuris-580

tics, while GS-IG reduced the mixed ℓ2,1 group norm581

of attributions by ≈9–18% with negligible impact on582

faithfulness on the manifold-aware baseline.583

Efficiency and scalability. Unlike SIG (Engue-584

hard, 2023) and DIG (Sanyal and Ren, 2021)—which585

incur substantial overhead from tokenwise or586

constrained, path-dependent computations—our587

manifold-aware baseline is computed once, cost es-588

sentially unchanged. GS-IG adds only a lightweight,589

scalar schedule search (small T ) on top of standard590

IG. In practice, this makes our approach a scalable,591

efficient alternative that is particularly well-suited592

for large MMT architectures.593

Limitations The baseline depends on the valida-594

tion distribution and may require recalibration un-595

der data shift. For inputs near the mean, com-596

pleteness yields small |F (x) − F (x′)| (low-contrast);597

we accept this trade-off to avoid Out-of-distribution598

(OOD) paths, and our faithfulness metrics show the599

net benefit. The schedule search optimizes a single600

scalar; richer schedules or joint selection with spar-601

sity thresholds could further improve compactness.602

Future works Considering the learned data mani-603

fold in embedding space, by methods like data density604

in those regions, when optimizing the sparsity ob-605

jective, can be important. Beyond intrinsic metrics,606

human-in-the-loop studies (e.g., clinician audits), ad-607

ditional data modalities, and causal faithfulness eval-608

uations are important next steps.609
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and Marko Robnik-Šikonja. Bert meets shapley: 716

Extending shap explanations to transformer-based 717

classifiers. In Proceedings of the EACL hackashop 718

on news media content analysis and automated re- 719

port generation, pages 16–21, 2021. 720

Chuhong Lahlou, Ancil Crayton, Caroline Trier, and 721

Evan Willett. Explainable health risk predictor 722

with transformer-based medicare claim encoder. 723

arXiv preprint arXiv:2105.09428, 2021. 724

Matthew L Leavitt and Ari Morcos. Towards fal- 725

sifiable interpretability research. arXiv preprint 726

arXiv:2010.12016, 2020. 727

Yikuan Li, Shishir Rao, José Roberto Ayala Solares, 728
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and Supplementary 828

Material 829
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ize the rowwise ℓ2 norms of the embedding-space IG 833
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matrix:834

L(θ) = λgrp

L∑
j=1

mj

∥∥ÎGemb[j, :]
∥∥
2

= λgrp

∥∥ÎGemb

∥∥
2,1

with groups Sj={(j, 1:de)}.
(6)

which is the group lasso (a mixed ℓ2,1) penalty ap-835

plied to token groups Sj . Each group is an entire836

token embedding, so the penalty treats all de coor-837

dinates of a token symmetrically and only depends838

on their Euclidean norm. This rotational invariance839

within a group ensures that, if a token is selected,840

GS-IG does not favor any particular embedding di-841

mension; if it is not, the entire row is suppressed.842

How group lasso induces token sparsity. Un-843

like an elementwise ℓ1 penalty, the ℓ2,1 penalty is non-844

differentiable at the origin in each group. This geom-845

etry yields an “all-in / all-out” effect: small groups846

are set exactly to zero, while large groups are uni-847

formly shrunk. Formally, for an auxiliary variable848

v ∈ Rde (one token’s row), the proximal operator of849

the group penalty,850

proxα∥·∥2
(v) = arg min

z∈Rde

1
2∥z − v∥22 + α∥z∥2, (7)

admits the closed-form group soft-thresholding851

(GST):852

GSTα(v) =

0, ∥v∥2 ≤ α,(
1− α

∥v∥2

)
v, ∥v∥2 > α,

(8)

so any group whose norm falls below the thresh-853

old collapses to the exact zero vector Yuan and Lin854

(2006); Parikh et al. (2014). MoreauGrad explic-855

itly derives and uses this GST operator when en-856

forcing group sparsity inside its optimization loop,857

and shows that increasing the group-sparsity coeffi-858

cient removes more groups while preserving desirable859

smoothness/robustness properties (Zhang and Far-860

nia, 2023, Def. 4; GST formula; robustness Thm. 2).861

In our case, we do not solve a proximal subproblem;862

instead, we select the path schedule parameter θ that863

minimizes the same ℓ2,1 measure of the IG output.864

Because each active token incurs an additive cost pro-865

portional to its row-norm, the minimizer θ⋆ naturally866

concentrates attribution on fewer token rows (those867

with the largest aggregate effect) and suppresses the868

rest.869

Intuition in our setting. Completeness fixes the 870

total signed attribution
∑

i IGi = F (x) − F (x′) for 871

any smooth path between x′ and x. The freedom in θ 872

redistributes that fixed “budget” across tokens. The 873

ℓ2,1 objective makes dispersion expensive: spread- 874

ing small amounts of attribution over many tokens 875

increases
∑

j ∥ · ∥2, whereas concentrating it on a 876

handful of tokens reduces the sum. Thus, selecting 877

θ⋆ = argminθ ∥ÎGemb(x, x
′; θ)∥2,1 yields token-sparse 878

explanations without modifying the model or its loss. 879

Practical notes. All token groups share size de, 880

so no group-size reweighting is needed. If group 881

sizes differed (e.g., heterogeneous modalities), one 882

can scale each group’s term by a weight wj (com- 883

monly wj =
√
|Sj |) to avoid bias toward smaller 884

groups Simon and Tibshirani (2012). 885

A.2. Models Architecture 886

Our model is designed to integrate longitudinal medi- 887

cal histories and non-temporal structured data to pre- 888

dict early mortality in patients, see Figure 4. The 889

architecture consists of three main components: a 890

transformer-based encoder for sequential medical en- 891

counters, a feedforward network for structured tabu- 892

lar data, and a cross-attention mechanism for modal- 893

ity fusion. This design enables the model to effec- 894

tively capture both temporal dependencies and non- 895

temporal structured patient characteristics. 896

The first component processes patient medical his- 897

tories, which consist of diagnoses and prescribed med- 898

ications recorded across multiple hospital visits. Each 899

encounter is represented as a set of medical codes, 900

and after preprocessing, medical tokens are organized 901

into a sequence where special separator tokens delin- 902

eate individual visits (medical codes within a visit 903

have the positions) following Li et al. (2020); Rasmy 904

et al. (2021). To encode meaningful representations 905

of these sequences, we utilize TOO-BERT Amirah- 906

madi et al. (2025a), a pretrained transformer model 907

specialized for patient trajectories, which is trained 908

with masked language modeling and trajectory order 909

prediction objectives. TOO-BERT captures contex- 910

tual dependencies within medical sequences, leverag- 911

ing self-attention mechanisms to model interactions 912

across different visits and different diagnoses and 913

medications. To capture the higher-level trajectory 914

representation, we introduce a GRU layer on top of 915

the TOO-BERT encoder, which aggregates medical 916

codes across a trajectory and outputs the final hid- 917
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den state as the patient’s overall trajectory represen-918

tation.919

The second component of the model processes non-920

temporal structured data. Categorical variables are921

first projected into continuous space using the M(zi)922

mapping function, then concatenated with numeri-923

cal features before being passed through two fully924

connected layers with ReLU activation. This com-925

ponent learns a dense representation of non-temporal926

structured patient attributes, providing complemen-927

tary information to the temporal medical history.928

The third component integrates the two modalities929

using a cross-attention mechanism. The representa-930

tion of the medical trajectory (TOO-BERT output)931

serves as the query, while the structured tabular rep-932

resentation is used as the key and value. This mech-933

anism allows the model to dynamically attend to the934

most relevant non-temporal structured features in the935

context of a patient’s medical history, learning mean-936

ingful interactions between medical trajectories and937

structured data. The cross-attended representation938

is then passed through a final feedforward network,939

followed by a sigmoid activation function to compute940

the probability of early death.941

Figure 4: Multi-modal Transformer (MMT) architec-
ture. The model integrates sequential med-
ical records and phenotypic features, pro-
cessing temporal data with a transformer
encoder and tabular data with fully con-
nected layers. A cross-attention mecha-
nism fuses both modalities.

A.2.1. Multi-modal Transformer942

performance943

We first trained single-modality models, then fused944

modalities. Using only tabular data collected at945

enrollment, an MLP achieved AUC 0.788 for early 946

death and 0.661 for HF prediction. Using only EHR 947

trajectories, the TOO-BERT–based model reached 948

AUC 0.932 (early death) and 0.877 (HF). Combining 949

structured tabular data with longitudinal EHR data 950

in the MMT further improved performance to AUC 951

0.953 and 0.902 for early death and HF, respectively, 952

demonstrating the benefit of using both modalities. 953

A.3. Dataset Specifications 954

In our study, we utilized two cohorts: the Malmö Diet 955

and Cancer (MDC) study (Berglund et al., 1993), 956

and the MIMIC-IV hospital (hosp) module (Johnson 957

et al., 2020). Both datasets are split into 75% train, 958

10% validation, and 15% test. 959

MDC. The MDC dataset contains electronic 960

health record (EHR) trajectories for a general- 961

population cohort, including histories of diagnoses 962

and medications recorded using ICD and ATC codes, 963

together with rich phenotypic and lifestyle data (e.g., 964

diet, heredity, socio-economic factors, lifestyle, occu- 965

pation). The tabular component comprises 912 fea- 966

tures collected at enrollment. The cohort includes 967

30,000 individuals with 531,000 recorded visits span- 968

ning 1992–2020. After preprocessing, 16% of partici- 969

pants are labeled as early-death cases. 970

MIMIC-IV (hosp). The MIMIC-IV hosp mod- 971

ule contains inpatient EHR trajectories for approx- 972

imately 173,000 patients across 407,000 hospital vis- 973

its from 2008–2019, with about 10.6 million medical 974

codes (diagnoses and medications). We also use avail- 975

able demographics (gender, race, marital status, in- 976

surance, language, and age at last encounter). After 977

preprocessing, 36% of patients are labeled as first- 978

time heart failure diagnoses. 979

Tables 3 and 4 provide detailed statistics on the 980

two datasets used in this study before preprocessing. 981

Table 3: Characteristics of longitudinal EHR trajec-
tory data

Dataset MDC MIMIC-IV
#Patients 30 K 173 K
#Visits 531 K 408 K
#All Medical Codes 7.6 M 10.6 M
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Table 4: Characteristics of the MDC recorded phe-
notype data

#Patients 30 K
#Nominal features 606
#Ordinal features 186
#Numerical features 120
#All features 912

A.4. Problem Formulation982

Each dataset D consists of a set of patients P , for-983

mally defined as:984

D = {P 1, P 2, . . . , P |D|}. (9)

For each patient P i, we have a combination of lon-985

gitudinal EHR data—including diagnoses and pre-986

scribed medications—and non-temporal structured987

phenotype features. Each patient is represented by988

a sequence of medical encounters and a set of struc-989

tured phenotype features as:990

P i =
[
{V i

1 , V
i
2 , . . . , V

i
O}, {phen1, ...,phen912}

]
, (10)

where O is the total number of recorded visits for991

patient i, and phenj represents the structured phe-992

notype information. Each visit V i
j contains the set of993

diagnosis codes and prescribed medications, defined994

as:995

V i
j = Ij ∪Mj , (11)

where Ij ⊂ I represents the diagnosis codes (ICD)996

and Mj ⊂ M represents the prescribed medications997

(ATC) recorded at visit V i
j . To reduce sparsity, we998

exclude infrequently occurring medical codes and re-999

tain only the first four digits of ICD and ATC codes1000

to ensure meaningful aggregation.1001

To focus on relevant predictive patterns and avoid1002

label leakage, we censor recent records near the out-1003

come. In MDC, we exclude all medical codes recorded1004

within the four years preceding the index event.1005

For early-death cases, this removes codes from the1006

four years prior to death; for long-lived controls, we1007

remove codes from the four years before the last1008

recorded visit (or date of death) to ensure tempo-1009

ral alignment. Similarly, for heart-failure prediction1010

in MIMIC-IV, we exclude heart-failure–specific med-1011

ication codes and omit information from the final en-1012

counter (last visit) so that peri-diagnostic signals do1013

not leak into training or evaluation.1014

To help the model capture the temporal structure 1015

of patient trajectories, we introduce special tokens, 1016

inspired by BERT-like architectures. A [CLS] token 1017

is inserted at the beginning of each patient’s trajec- 1018

tory to represent global sequence-level embeddings, 1019

while a [SEP] token is placed between visits to dis- 1020

tinguish encounters. For all experiments, we con- 1021

sider at most the last 200 medical codes per patient; 1022

shorter sequences are right-padded with [PAD] to- 1023

kens.Consequently, the structured representation of 1024

a patient trajectory is given as: 1025

P i =
[
{[CLS], V i

1 , [SEP], V
i
2 , [SEP], . . . , V

i
O, [SEP]},

{phen1, . . . , phen912}
]
.

(12)

which provides valuable contextual cues to the 1026

model for learning meaningful temporal relationships. 1027

The goal is to predict the probability of an adverse 1028

event—premature death in MDC and first-time heart 1029

failure in MIMIC-IV—given a patient’s longitudinal 1030

history and structured phenotype data. Formally, for 1031

patient i we model 1032

pθ(e | P i), e ∈ {early-death, heart-failure},

where P i denotes the combined trajectory and phe- 1033

notypic features, and pθ is the output of the trained 1034

model. 1035

A.5. Evaluation Metrics 1036

We evaluate the faithfulness of model explanations 1037

with Comprehensiveness (Comp) and Sufficiency 1038

(Suff), two widely used metrics in explainability re- 1039

search (DeYoung et al., 2019; Sanyal and Ren, 2021; 1040

Enguehard, 2023). 1041

Comp measures the drop in model performance 1042

when the most k% important features (as determined 1043

by an attribution method) are removed, where a 1044

greater drop indicates a more faithful explanation. 1045

For sequential inputs (temporal structured data), we 1046

excluded special tokens and removed the top k%most 1047

attributed tokens from the sequence while preserving 1048

the structure of patient histories, including the num- 1049

ber of visits. For tabular features (both numerical 1050

and categorical data), direct removal is not feasible. 1051

Instead, we replaced the top k% most attributed fea- 1052

ture values with values randomly sampled from the 1053

other samples. To account for variability, this process 1054

was repeated 20 times with different random samples, 1055
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and the mean Comp score was reported. Formally,1056

Comp can be presented as :1057

Comprehensiveness = F (xp)j − F (xp\rp)j (13)

where F (xp)j represents the model’s original pre-1058

diction score for class j, patient p, and rp denotes1059

the k% most important features (or tokens) identi-1060

fied by the attribution method. We set k = 20% for1061

Comprehensiveness in all experiments.1062

Conversely, Suff evaluates how well the model re-1063

tains its confidence when only the most important1064

features are retained, with a smaller drop suggest-1065

ing that the model relies primarily on these features1066

for decision-making. For tabular data, similar to1067

Comp, we replaced the values of the lowest attributed1068

(1 − k%) features 20 times and computed the mean1069

Suff score. The metric is formally defined as:1070

Sufficiency = F (xp)j − F (rp)j (14)

where rp represents the retained top k% most im-1071

portant features. We used k = 10% for Suff to better1072

capture the model’s reliance on only highly attributed1073

features.1074

A.6. Comprehensiveness and Sufficiency1075

Across k%1076

Setup. In the main paper we report Comp and Suff1077

at a fixed top-k% of tokens/features. Here we provide1078

the same metrics across multiple k values (10–50%)1079

for two datasets (MIMIC-IV, MDC) and three IG1080

variants: IG with the mean-embedding (“manifold-1081

aware”) baseline, IG with [MASK]-all, and IG with1082

a zero baseline. Across both datasets, the mean-1083

embedding baseline outperforms the alternatives for1084

all k values, with the clearest gains in the low-k1085

regime that is most relevant for concise review.1086

A.7. Qualitative Evaluation on Patient1087

Trajectory (Sequential) Data1088

Figures 5–8 present additional held-out patient1089

trajectories. Each figure is organized vertically:1090

Top row: IG with [MASK]-all baseline; Middle row:1091

IG with the manifold-aware baseline; Bottom row:1092

GS-IG (same manifold-aware baseline + sparsity1093

schedule). The middle and bottom rows, therefore,1094

differ only by the group-sparsity schedule.1095

Each panel displays token-level attributions over1096

time and reports the number of active medical codes1097

(non-zero attribution) for that patient. Across cases, 1098

GS-IG typically produces fewer active codes and 1099

clearer summaries, yielding sparser and more read- 1100

able results for domain users. 1101

Figure 5: Held-out patient, vertical layout: Top
IG ([MASK]-all), Middle IG (manifold-
aware), BottomGS-IG (manifold-aware +
group sparsity). Each panel shows token-
level attributions over time and reports the
number of active codes (non-zero attribu-
tions). Here, GS-IG reduces active codes
from 41 to 21 (vs. the middle panel), yield-
ing a sparser, more readable list of deci-
sive factors. Red = contribution toward
early-death, blue = contribution toward
long-life. Codes anonymized as Cn; [SEP]
marks visits.

A.8. Quantitative Evaluation for the Tabular 1102

Data 1103

For phenotypic tabular data, the empirical-mean 1104

(input-space) baseline also provides the most 1105

faithful attributions, substantially outperforming 1106

Gradient×Input and IG with a zero baseline (Ta- 1107

ble 9). This suggests that a simple empirical-mean 1108

baseline is a reasonable null for non-embedded fea- 1109

tures as well. The difference in the scale of Comp/Suff 1110

between MIMIC-IV and MDC largely reflects fea- 1111

ture richness: in MIMIC-IV we have only six de- 1112

mographic variables, which provide limited signal 1113

for HF prediction (MLP AUC ≈ 0.66 when used 1114

alone), whereas MDC includes 912 phenotypic vari- 1115

ables that are considerably more informative (MLP 1116

AUC ≈ 0.79) ( A.2.1). 1117
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Table 5: MIMIC-IV — Comprehensiveness (higher is better) across k% of tokens retained.

k% 10 20 30 40 50

IG (mean-embedding) 0.141 0.164 0.182 0.203 0.228
IG ([MASK]-all) 0.125 0.156 0.180 0.202 0.228
IG (zero baseline) 0.131 0.158 0.178 0.203 0.228

Table 6: MIMIC-IV — Sufficiency (lower is better) across k% of tokens retained.

k% 10 20 30 40 50

IG (mean-embedding) 0.078 0.007 -0.012 -0.019 -0.023
IG ([MASK]-all) 0.120 0.066 0.030 0.007 0.000
IG (zero baseline) 0.113 0.053 0.036 0.029 0.026

Figure 6: Held-out patient, vertical layout: Top
IG ([MASK]-all), Middle IG (manifold-
aware), BottomGS-IG (manifold-aware +
group sparsity). Each panel shows token-
level attributions over time and reports the
number of active codes (non-zero attribu-
tions). Here, GS-IG reduces active codes
from 17 to 10 (vs. the middle panel), yield-
ing a sparser, more readable list of deci-
sive factors. Red = contribution toward
early-death, blue = contribution toward
long-life. Codes anonymized as Cn; [SEP]
marks visits.

Figure 7: Held-out patient, vertical layout: Top
IG ([MASK]-all), Middle IG (manifold-
aware), BottomGS-IG (manifold-aware +
group sparsity). Each panel shows token-
level attributions over time and reports the
number of active codes (non-zero attribu-
tions). Here, GS-IG reduces active codes
from 11 to 8 (vs. the middle panel), yield-
ing a sparser, more readable list of deci-
sive factors. Red = contribution toward
early-death, blue = contribution toward
long-life. Codes anonymized as Cn; [SEP]
marks visits.
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Table 7: MDC — Comprehensiveness (higher is better) across k% of tokens retained.

k% 10 20 30 40 50

IG (mean-embedding) 0.132 0.244 0.330 0.367 0.332
IG ([MASK]-all) 0.107 0.205 0.277 0.274 0.249
IG (zero baseline) 0.111 0.199 0.268 0.261 0.238

Table 8: MDC — Sufficiency (lower is better) across k% of tokens retained.

k% 10 20 30 40 50

IG (mean-embedding) 0.022 -0.010 -0.017 -0.021 -0.023
IG ([MASK]-all) 0.030 -0.009 -0.017 -0.020 -0.023
IG (zero baseline) 0.054 0.020 0.009 -0.002 -0.011

Figure 8: Held-out patient, vertical layout: Top
IG ([MASK]-all), Middle IG (manifold-
aware), BottomGS-IG (manifold-aware +
group sparsity). Each panel shows token-
level attributions over time and reports the
number of active codes (non-zero attribu-
tions). Here, GS-IG reduces active codes
from 60 to 53 (vs. the middle panel), yield-
ing a sparser, more readable list of deci-
sive factors. Red = contribution toward
early-death, blue = contribution toward
long-life. Codes anonymized as Cn; [SEP]
marks visits.

Table 9: Faithfulness on phenotypic (tabular) data:
comprehensiveness (Comp; ↑) and suffi-
ciency (Suff; ↓). The manifold-aware base-
line here is the empirical mean in input
space (Sec. 2.2).

Method (IG vari-
ants)

MIMIC-IV MDC

Comp
↑

Suff ↓ Comp
↑

Suff ↓

Gradient×Input 0.005 0.006 0.326 0.122

IG (zero baseline) 0.005 0.007 0.327 0.123

IG (manifold-aware;
input space)

0.011 0.001 0.843 0.027

A.9. Qualitative Evaluation for the Tabular 1118

Data 1119

Figure 9 compares tabular features with the largest 1120

absolute attributions under IG with a manifold-aware 1121

baseline versus a zero baseline for a representative pa- 1122

tient. Entries marked [MA] denote features selected 1123

by the manifold-aware baseline; [Z] denotes the zero- 1124

baseline selection. Here, the zero baseline concen- 1125

trates on sex and sex-related variables (prefix kv), 1126

suggesting a baseline-driven artifact. In contrast, the 1127

manifold-aware baseline highlights a more diverse and 1128

clinically plausible set of contributors, indicating that 1129

a realistic reference improves attribution specificity. 1130
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Figure 9: Tabular features with the highest absolute attribution under IG using a manifold-aware baseline
(left) versus a zero baseline (right). The bracket tag indicates the originating baseline: [MA] for
manifold-aware, [Z] for zero.

A.10. Empirical Evidence That the1131

Mean-Embedding Baseline Resides in1132

Higher-Support Regions and Improves1133

IG Path Quality1134

Setup. Let x denote a sequence and let ϕ(x) ∈1135

Rd be the embedding-layer output flattened to a1136

sequence-embedding vector. For each baseline b ∈1137

{zero, pad-all, mask-all, mean-emb}, we form a sin-1138

gle baseline vector zb ∈ Rd in the same space. Let1139

Zval = {ϕ(xi)}Ni=1 be the validation sequence cloud1140

in the representation space where integrated gradi-1141

ents (IG) operates.1142

Goal. Quantify whether a baseline lies in a high-1143

support neighborhood of the sequence-embedding dis-1144

tribution, and thereby whether IG paths from that1145

baseline are less exposed to off-distribution (OOD)1146

regions.1147

A.10.1. Metrics in Sequence-Embedding1148

Space1149

We report three complementary measures, all com-1150

puted on sequence-embedding vectors:1151

1. Average Euclidean distance to validation1152

sequences1153

2. Average Mahalanobis distance to valida- 1154

tion sequences 1155

3. KDE log-density under a Gaussian KDE 1156

fitted on a whitened cloud: We whiten Zval 1157

to zero mean and identity covariance via z̃ = 1158

W(z − µ) with WΣW⊤ = I, fit an isotropic 1159

Gaussian KDE pKDE on {z̃i}Ni=1, and report 1160

KDELog(zb) = log pKDE(W(zb − µ)) .

Smaller is better for AvgEuc and Mah; larger (less 1161

negative) is better for KDELog. 1162

A.10.2. Emprical Results 1163

Table 10: MDC (early death): baseline support in
sequence-embedding space

Baseline AvgEuc ↓ Mah ↓ KDELog ↑

zero 62.83 11135.45 −6.20×108

pad-all 69.94 17.62 −5.92×103

mask-all 69.96 109.15 −1.21×104

mean-emb 45.01 14.83 −5.90×103

Across both tasks, the mean-emb baseline is clos- 1164

est to the empirical sequence distribution (lowest 1165
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Table 11: MIMIC-IV (heart failure): baseline sup-
port in sequence-embedding space

Baseline AvgEuc ↓ Mah ↓ KDELog ↑

zero 75.67 18957.76 −2.81×109

pad-all 80.03 3529.01 −1.13×107

mask-all 80.04 3543.21 −1.14×107

mean-emb 37.60 10.20 −5.93×103

AvgEuc and Mah) and attains the highest (least neg-1166

ative) KDELog. The zero baseline is catastrophi-1167

cally OOD by the metrics.1168

A.10.3. Why These Metrics Speak to IG1169

Path Quality1170

Integrated gradients (IG) computes attributions by1171

integrating gradients along a path in embedding space,1172

from baseline zb to input ϕ(x).1173

Low-density regions correspond to parts of rep-1174

resentation space where the model is weakly con-1175

strained by data and gradients are less stable. Placing1176

zb in a high-support neighborhood (as quantified by1177

AvgEuc, Mah, KDELog) reduces immediate exposure1178

to OOD areas, yielding smoother gradient accumula-1179

tion—consistent with the observed faithfulness gains.1180

We do not claim a global guarantee across all in-1181

puts in a multi-modal cloud. Two observations mit-1182

igate this concern: (i) Starting point matters: off-1183

distribution baselines (e.g., zero, mask-all) force the1184

path to immediately traverse unsupported regions;1185

mean-emb measurably avoids this initial excursion1186

(smaller AvgEuc/Mah, larger KDELog). (ii) Global di-1187

agnostics: Mahalanobis distance and whitened-KDE1188

density summarize typicality across modes; the mean-1189

emb baseline’s values indicate it sits in a high-support1190

neighborhood.1191

Limitations and Scope. Our claim is empiri-1192

cal: starting the IG path at mean-emb places it in1193

a markedly higher-support region and, in practice1194

on two EHR tasks, correlates with more stable and1195

faithful attributions. We do not assert a theoretical1196

guarantee that paths avoid all low-density regions in1197

multi-modal settings.1198

A.11. High-level Background: Post-hoc 1199

Explainability and Integrated 1200

Gradients 1201

Post-hoc explainability. Post-hoc methods ex- 1202

plain a trained model’s predictions without chang- 1203

ing the model itself. Prominent families include 1204

local surrogate methods (e.g., LIME) and additive 1205

game-theoretic approaches (e.g., SHAP), alongside 1206

gradient-based saliency methods for deep networks 1207

(Ribeiro et al., 2016a; Lundberg, 2017). 1208

Gradient saliency and the saturation chal- 1209

lenge. The simplest gradient explanation scores 1210

each feature by the partial derivative ∂F (x)/∂xi (or 1211

Gradient×Input). However, deep models can exhibit 1212

saturation (near-flat regions) around confident pre- 1213

dictions, yielding tiny local gradients even for decisive 1214

features and thus underestimating importance (Sun- 1215

dararajan et al., 2017). 1216

Integrated Gradients (IG): intuition, axioms, 1217

and mechanics. IG combats saturation by accu- 1218

mulating gradients along a path from a baseline x′ to 1219

the input x. For a smooth path γ : [0, 1]→Rd with 1220

γ(0) = x′, γ(1) = x, the attribution to feature i is 1221

IGi(x;x
′) =

∫ 1

0

∂F (γ(t))

∂γi(t)

dγi(t)

dt
dt, (15)

approximated by a Riemann sum in practice. IG sat- 1222

isfies key axioms that ground its use: Implementa- 1223

tion Invariance (functionally equivalent models yield 1224

identical attributions), Sensitivity(if two inputs dif- 1225

fer in exactly one feature and their outputs differ, 1226

that feature must receive nonzero attribution) and 1227

Completeness (attributions sum to F (x)−F (x′), i.e., 1228

total credit is conserved) (Sundararajan et al., 2017). 1229

These properties distinguish IG from many heuristic 1230

saliency maps. 1231

Baselines and paths: the two design levers. 1232

IG requires (i) a baseline x′ that plays the role of 1233

a counterfactual reference (e.g., a black image), and 1234

(ii) an integration path γ between x′ and x. The de- 1235

fault is the straight line γ(t) = x′ + t(x − x′). In all 1236

cases, the baseline controls the counterfactual con- 1237

trast F (x)−F (x′), whereas the path (or its parame- 1238

terization) governs where and how gradients are sam- 1239

pled along the way. 1240
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