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Abstract001

Deep learning models deployed in clinical set-002
tings face two main challenges: Domain Gen-003
eralization (DG) and Long Tailed Visual004
Recognition (LT VR). DG mandates learn-005
ing domain invariant features to perform ro-006
bustly across heterogeneous acquisition pro-007
tocols and patient populations. We formally008
investigate the theoretical trade off where gra-009
dient alignment objectives prioritized by DG010
methods undermine the class aware optimiza-011
tion necessary for LT VR . To resolve this issue,012
we introduce the Agentic Causal Disentangle-013
ment (CANDICE) Framework, a novel mod-014
ular architecture that integrates explicit clinical015
knowledge/expertise sourced from sonogra-016
phers, radiologists, and specialists as a causal017
intervention tool autonomously. CANDICE018
orchestrates three specialized agents: the Clini-019
cal Reasoning Agent (CRA), the Causal Dis-020
entanglement Agent (CDA), and the Code021
Generation Agent (CGA). This integration022
of domain specific, causal knowledge effec-023
tively decouples the DG and LT objectives.024
Evaluated across 10 diverse medical imaging025
datasets spanning 4 modalities, the CANDICE026
Framework overall achieves an average 10.3%027
performance improvement across multi do-028
main and in domain long tailed tasks.029

1 Introduction030

Recent progress in large language models (LLMs)031

has made it practical to build agentic systems that032

translate natural-language intent into multi-step,033

tool-using computation. For high-stakes domains034

such as healthcare, the promise is especially com-035

pelling: rather than treating clinical AI as a single036

monolithic predictor, an agentic system can retrieve037

trusted evidence, reason in structured steps, plan038

what is measurable from available inputs, and exe-039

cute verifiable code to construct an end-to-end diag-040

nostic pipeline. However, clinical deployment also041

exposes a core failure mode of modern deep learn-042

ing: performance can collapse under real-world043

Figure 1: Traditional Classification vs CANDICE agen-
tic framework for knowledge integrated classification.

distribution shift. As observed by Gu et al. (Gu 044

et al., 2022), this failure arises from shifts in both 045

the categorical distribution P (Y ) and the class- 046

conditional distribution P (X | Y ). In medical 047

imaging, such shifts are particularly severe in multi- 048

center settings scanner hardware, acquisition proto- 049

cols, preprocessing, and patient demographics can 050

significantly perturb P (X | Y ) and degrade reli- 051

ability in unseen clinical environments (Lei et al., 052

2022; Chen et al., 2023; Li et al., 2023). Two in- 053

tertwined challenges dominate this landscape: Do- 054

main Generalization (DG) and Long-Tailed (LT) 055

recognition. While DG seeks stable features across 056

environments (Wang et al., 2021), LT recognition 057

requires the discriminative modeling of rare classes 058

that occupy the sparse tail of a skewed P (Y ) dis- 059

tribution (Zhang et al., 2021; Li et al., 2018). In 060

clinical practice, critical pathological conditions 061

are often sparsely represented compared to preva- 062

lent healthy cases (Team and et al., 2025), leading 063

to a "robustness-tail trade-off"10. Specifically, op- 064

timizing for domain-wide stability often collapses 065

the manifolds of rare classes, while fitting fine- 066

grained structures for the tail frequently captures 067

non-causal, domain-dependent artifacts that fail to 068

generalize as shown in Figure 1. 069

Purely data-driven paradigms struggle to break 070
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this bottleneck because they entangle class identity071

with unstable, spurious correlations. A principled072

alternative is to incorporate domain knowledge that073

encodes invariant causal mechanisms. However,074

traditional knowledge integration is traditionally075

expensive as typical pipelines require manual re-076

trieval of guidelines and literature, expert transla-077

tion into computable rules, domin experts, hand078

engineering of feature extractors and thresholds,079

and repeated trial-and-error refinement when rules080

fail across domains. This human-in-the-loop re-081

quirement limits the scalability and reproducibility082

of neurosymbolic systems.083

We argue that the appropriate abstraction is084

agentic pipeline construction. Specifically, we085

propose an LLM-driven framework that (i) re-086

trieves and structures trusted domain knowledge,087

(ii) reasons about which clinically relevant factors088

are available and extractable in a given environ-089

ment, (iii) synthesizes executable programs to op-090

erationalize those factors, and (iv) integrates mul-091

tiple knowledge-driven and data-driven hypothe-092

ses in a class-conditional manner that directly tar-093

gets rare classes while preserving cross-domain094

robustness. We introduce CANDICE, an agen-095

tic framework for knowledge-integrated disease096

classification. CANDICE coordinates three spe-097

cialized agents a Clinical/Conceptual Reasoning098

Agent (CRA), a Causal Disentanglement Agent099

(CDA), and a Code Generation Agent (CGA)100

together with a decision-level integration mod-101

ule, Class-Conditional Knowledge Integration102

(CCKI) (Figure 2). While our evaluation spans103

four medical applications across ten datasets and104

multiple modalities, the framework itself is domain-105

agnostic and applicable to any setting where struc-106

tured knowledge, perception, and execution must107

be jointly orchestrated.108

Contributions. Our contributions are:109

• We formulate robust medical diagnosis as agentic110

pipeline construction under simultaneous shifts111

in P (Y ) and P (X | Y ), unifying domain gener-112

alization and long-tailed recognition.113

• We propose CANDICE, a three-agent frame-114

work that retrieves and verifies knowledge,115

plans extractable clinical factors under tool116

constraints, and generates executable, self-117

debugging pipelines.118

• We introduce CCKI, a class-conditional,119

decision-level integration mechanism that120

enables targeted reasoning for rare classes while121

Figure 2: Overview of the proposed CANDICE agentic
framework for knowledge integrated classification.

preserving cross-domain robustness. 122

1.1 Causal Discovery in High-Stakes Domains 123

Causal discovery seeks to recover the underly- 124

ing mechanism-level structure of a system—who 125

causes what—from data, typically observational, 126

rather than modeling surface-level statistical cor- 127

relations (Pearl, 2009; Spirtes et al., 2000; Peters 128

et al., 2017). By inferring directed relationships 129

(e.g., A→ B), causal models support intervention, 130

counterfactual reasoning, and principled general- 131

ization beyond the training distribution. 132

This distinction is critical in high-stakes domains 133

such as healthcare. Modern deep learning systems 134

often rely on correlational cues that are unstable 135

under changes in acquisition conditions, popula- 136

tion demographics, or clinical practice. As a result, 137

models trained in one environment frequently de- 138

grade under domain shift, revealing a fundamental 139

generalization ceiling of purely associational learn- 140

ing. Causal discovery provides a principled alter- 141

native by identifying invariant mechanisms that re- 142

main stable across environments (Schölkopf et al., 143

2021). 144

Importantly, causal models induce symbolic and 145

interpretable structure in the form of causal graphs 146

and rules, making them a natural foundation for 147

neurosymbolic learning (Zheng et al., 2018; Ke 148

et al., 2019). However, directly applying causal 149

discovery in real-world medical settings is chal- 150

lenging due to limited interventions, noisy observa- 151

tions, and the need to map abstract causal factors 152

to measurable quantities in raw data. CANDICE 153

addresses this challenge through causal disentan- 154

glement: projecting observations into a structured 155

knowledge space that explicitly separates class- 156

specific causal factors—which are stable across 157

domains—from spurious, domain-dependent ar- 158
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Figure 3: Problem formulation.

tifacts. This separation anchors predictions to159

domain-invariant mechanisms, improving robust-160

ness under distribution shift while preserving sensi-161

tivity to rare, long-tailed classes. By disentangling162

true causal signals from shared or confounding163

factors.164

1.2 Problem Formulation165

Figure 3 illustrates the trade off between generaliza-166

tion and rare class fidelity under domain shift. Opti-167

mizing for domain wide prediction using dominant168

causal signals stable in the marginal distribution169

P (Xd) fails to separate rare class representations170

(p(Y = r)≪ 1), collapsing their manifolds across171

domains. Fitting finer grained class conditional172

structures P (Xd | Y ) captures non causal, domain173

dependent correlations, which do not generalize174

when P (X1 | Y ) ̸= P (X2 | Y ).175

To address this, we introduce a domain invari-176

ant knowledge space K, where P (K | Y ) en-177

codes globally valid causal semantics. Anchoring178

the representation in K disentangles causal from179

non causal factors, enabling simultaneous learning180

of (i) a visual causal feature space for generaliza-181

tion, and (ii) a knowledge feature space for class182

specific fidelity, ensuring accurate predictions for183

all classes, including rare ones.184

This dual space paradigm is implemented via185

the proposed CCKI algorithm (Alg. 1, Fig. 4),186

which integrates visual features from raw data and187

knowledge features from structured priors. CCKI188

constructs a class conditional classifier by lever-189

aging Expected Information Gain (EIG) and a 190

purity index to guide tree based partitioning, ef- 191

fectively combining both spaces. Empirical results 192

demonstrate that CCKI consistently outperforms 193

state of the art baselines across in domain, single 194

domain, and multi domain generalization bench- 195

marks, improving rare class prediction while main- 196

taining high overall accuracy. The deails of CCKI 197

is explained in Appendix 1. 198

2 CANDICE 199

CANDICE (Causal AgeNtIc Disentanglement via 200

Interactive Causality Extraction) is a language- 201

centered, multi-agent framework designed to ad- 202

dress a core limitation of modern learning systems: 203

they often struggle to simultaneously (i) general- 204

ize reliably under domain shift and (ii) maintain 205

strong performance on long-tailed label distribu- 206

tions (Ben-David et al., 2010; Yang et al., 2022). 207

Rather than attempting to resolve this tension 208

purely at the representation level, CANDICE de- 209

fines an end-to-end, knowledge-integrated pipeline 210

that couples domain knowledge with data-driven 211

deep learning through a novel CCKI class-specific 212

ensemble learner, which disentangles decision- 213

making via agentic causal interventions. The frame- 214

work decomposes inference into reasoning, plan- 215

ning, and execution stages, each handled by a dedi- 216

cated Large Language Model (LLM) agent paired 217

with an explicit verifier. This modularization is 218

not merely an engineering convenience; it acts as 219

a causal factorization that isolates failure modes, 220

reduces cross-stage interference, and improves the 221

auditability and robustness of the overall decision 222

process 223

2.1 Proposed LLM Agents 224

CANDICE adopts a heterogeneous multi-agent ar- 225

chitecture in which each agent implements a dis- 226

tinct and explicitly defined cognitive function. This 227

design contrasts with homogeneous agent swarms 228

and linear chain-of-thought prompting, which con- 229

flate reasoning, planning, and execution into a sin- 230

gle latent sequence (Wei et al., 2022; Yao et al., 231

2023b). Instead, CANDICE treats agents as causal 232

operators that intervene at different stages of infer- 233

ence, enabling modularity, verifiability, and robust- 234

ness under domain shift. 235

Formally, let X denote inputs, Y labels, D do- 236

mains, and K external knowledge. Inference in 237
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Figure 4: Agentic Knowledge Guided Framework for Medical Image Labeling. The proposed multi agent system integrates medical knowledge retrieval,
model selection, rule refinement, and code generation. Agent 1 CRA searches PubMed and related sources to extract diagnostic rules and biomarkers per imaging
modality. Agent 2CDA identifies optimal open source or (explicitly defined) DL models for labeling tasks. CRA define rules from expert medical knowledge output
by Agent 1 by adapting them to modality constraints and defining thresholds and confidence bounds. Agent 4 CGA converts refined rules into executable Python
code, validated through an RLHF loop that corrects code errors using human feedback or relevant evaluation metrics. The final stage fuses knowledge derived rules
with DL predictions, enabling interpretable and generalizable medical image classification across modalities.

CANDICE is factorized as:238

P (Y | X,D) =
∑
z

P (Y | X, z)P (z | X,K,D),

(1)239

where z denotes a latent decision pathway selected240

by the Causal Disentanglement Agent (CDA). The241

Clinical/Conceptual Reasoning Agent (CRA) con-242

strains P (z | X,K,D) via grounded causal rea-243

soning, while the Code Generation Agent (CGA)244

ensures that each selected pathway corresponds to245

an executable and verifiable computation. Overall246

system performance is summarized in Table 5 and247

Column defination of each agent evlaution can be248

seen in Appendix 17.249

2.1.1 Clinical / Conceptual Reasoning Agent250

(CRA)251

The CRA is responsible for constructing grounded,252

class-conditional causal explanations that sup-253

port downstream planning and execution. Unlike254

standard Retrieval-Augmented Generation (RAG),255

which conditions generation directly on retrieved256

text (Lewis et al., 2020), the CRA explicitly sepa-257

rates retrieval, reasoning, and verification, prevent-258

ing evidence leakage and hallucination.259

Stage 1: Evidence Retrieval. The CRA retrieves 260

evidence exclusively from trusted, domain-specific 261

corpora such as scientific literature, technical stan- 262

dards, and task-specific guidelines. Retrieved doc- 263

uments are decomposed into atomic factual units 264

rather than treated as unstructured context, follow- 265

ing best practices in evidence-centric reasoning 266

(Roberts et al., 2020). Stage 2: Causal Reasoning. 267

The CRA constructs structured causal chains link- 268

ing observable inputs to class-specific outcomes 269

via intermediate concepts. This process draws in- 270

spiration from neuro-symbolic and structured rea- 271

soning frameworks (Andreas et al., 2016; Tafjord 272

and Clark, 2021), but differs in two key ways: (i) 273

reasoning is explicitly class-conditional, and (ii) 274

for long-tailed classes, the CRA prioritizes high- 275

precision causal indicators rather than correlations 276

dominated by head classes. Stage 3: Faithful- 277

ness Verification. Each reasoning step is veri- 278

fied against retrieved evidence to ensure factual 279

support. This directly mitigates hallucination, a 280

known failure mode of LLMs (Ji et al., 2023). As 281

shown in Table 1, the CRA significantly outper- 282

forms LLM-only, RAG-only, and ReAct baselines 283
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Method Faithful (%) Unsupported ↓ Hallucination ↓ Expert (%)

LLM (No Retrieval) 55.2 4.8 18.5 61.3
RAG (No Reasoning) 68.9 3.2 12.4 74.6
ReAct (Yao et al., 2023b) 73.5 2.8 9.8 79.0
CRA (Ours) 85.7 1.1 4.5 90.2

Table 1: Reasoning faithfulness and knowledge ground-
ing comparison.

Knowledge Source Acc (%) Tail F1 Stability Error

Full Grounded 81.6 70.5 0.92 0.08
Abstract Only 77.2 65.8 0.87 0.13
Shuffled Text 72.4 60.1 0.78 0.22
No Knowledge 68.2 55.0 0.71 0.29

Table 2: Knowledge grounding ablation for the CRA.

in faithful reasoning, hallucination reduction, and284

expert agreement. Importantly, the CRA does not285

produce final predictions. Instead, it outputs struc-286

tured reasoning artifacts (e.g., causal claims, evi-287

dence links, uncertainty flags) that constrain down-288

stream planning. The knowledge ablation results289

in Table 2 show that degrading knowledge quality290

leads to graceful performance degradation rather291

than catastrophic failure, indicating that CRA out-292

puts function as soft causal constraints rather than293

brittle rules.294

2.1.2 Causal Disentanglement Agent (CDA)295

The CDA serves as a planner under constraints.296

Given candidate causal factors proposed by the297

CRA, the CDA decides which hypotheses to instan-298

tiate and how to organize them. Specifically, it rea-299

sons about: (i) availability of inputs, (ii) extractabil-300

ity from raw data, and (iii) selection of tools or301

models in the current execution environment. How302

CDA is constructed. CDA operates over struc-303

tured reasoning artifacts rather than raw text. It304

evaluates alternative decision pathways by balanc-305

ing causal relevance, class uncertainty, and domain306

sensitivity. Unlike fixed agent ordering or greedy307

single-step strategies, CDA explicitly optimizes308

the trade-off between robustness and tail-class fi-309

delity.Comparison to baselines. Baselines in Ta-310

ble 3 include fixed agent sequences, random or-311

dering, greedy single-step execution, and heuristic-312

only planning without disentanglement. CDA dif-313

fers by explicitly selecting class-conditional de-314

cision pathways. Empirical impact. As shown315

in Table 3, CDA improves Tail F1 by +5.6 points316

over the strongest non-agentic baseline and reduces317

average reasoning steps by 31%, while achieving318

the highest success rate overall.319

Planning Strategy Accuracy (%) Tail F1 Avg. Steps Success (%)

Fixed Agent Order 74.1 61.8 3.2 72.5
Random Agent Order 72.3 60.2 3.6 69.8
Greedy (Single-Step) 75.0 63.1 2.8 75.4
No CDA (Heuristic) 76.2 64.5 3.0 77.0
CDA Planning (Ours) 81.1 70.1 2.2 84.7

Table 3: Ablation of agent-level planning strategies.

Method First Run (%) Avg. Fix ↓ Final Exec (%) Runtime

Human-Written Code 95.0 1.0 98.0
Single-Shot LLM 68.3 2.7 84.1 0.0s
Toolformer-Style Agent 78.5 1.9 91.2 1.2s
CGA (Ours) 90.1 1.2 96.3 2.1s

Table 4: Tool-use reliability and program synthesis per-
formance.

2.1.3 Code Generation Agent (CGA) 320

The CGA translates abstract reasoning and plan- 321

ning decisions into executable, verifiable programs. 322

Prior work on LLM-based code generation and 323

tool-augmented agents often assumes correctness 324

or relies on manual debugging (Chen et al., 2021; 325

Schick et al., 2023). In contrast, the CGA treats 326

program synthesis as an iterative process with 327

execution-based verification. 328

Given specifications from the CRA and plans 329

from the CDA, the CGA generates executable 330

pipelines implementing feature extraction, rule 331

evaluation, or decision logic. Execution failures 332

trigger targeted revisions, inspired by program re- 333

pair and self-debugging methods (Gupta et al., 334

2017; Chen et al., 2024). Table 4 shows that CGA 335

achieves a +21.8% absolute improvement in first- 336

run success over single-shot LLM code generation, 337

while requiring fewer corrective iterations. 338

Beyond reliability, the CGA provides causal 339

grounding by ensuring that abstract reasoning is 340

instantiated in observable computation, enabling 341

precise error attribution and preventing silent fail- 342

ures common in purely symbolic or purely neural 343

systems. 344

3 Experiments and Results 345

We evaluate CANDICE across multiple real world, 346

long tailed, and domain shifted benchmarks to as- 347

sess whether agentic causal disentanglement im- 348

proves robustness, rare class performance, and rea- 349

soning reliability. Following prior work, we focus 350

on settings where statistical correlations alone are 351

insufficient and where knowledge guided reasoning 352

is necessary for reliable generalization. 353

Our evaluation addresses the following research 354

questions: 355
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• Does agentic causal disentanglement’s pipline356

outperform non agentic and traditional data357

driven baselines under domain shift?358

3.1 Experimental Setup359

Datasets. We evaluate CANDICE on four het-360

erogeneous benchmarks that exhibit both domain361

shift and long tailed label distributions: Dia-362

betic Retinopathy (DR) grading, Seizure detection,363

Echocardiogram analysis, and Electrocardiogram364

(ECG) classification. These datasets are intention-365

ally diverse in modality and label structure, allow-366

ing us to test whether agentic causal disentangle-367

ment generalizes across tasks rather than exploiting368

dataset specific heuristics. LLM backbone. We369

use Gemini 2.5 as the single LLM backend for370

CRA/CDA/CGA across all experiments to control371

for model variance and isolate gains from agen-372

tic orchestration and CCKI. We choose Gemini373

2.5 for its strong tool-use, long-context grounding,374

and reliable code generation, which are central to375

our retrieve–reason–execute pipeline. All baselines376

that require an LLM use the same Gemini 2.5 con-377

figuration for a fair comparison. Gemini 2.5 is a378

decoder-only Transformer with instruction tuning379

and RLHF, supporting long-context inference and380

structured tool calling. Its extended context win-381

dow enables joint reasoning over prompts, retrieved382

evidence, and intermediate agent state, which is re-383

quired by CRA/CDA/CGA.384

Domain Shift and Long Tailed Splits. For each385

dataset, we follow a multi domain evaluation proto-386

col where training and testing data originate from387

different acquisition sources, institutions, or record-388

ing conditions. Label distributions are highly im-389

balanced, with rare pathological classes constitut-390

ing a small fraction of samples. This setup mir-391

rors real world deployment scenarios and is con-392

sistent with prior work on domain generalization393

and long tailed learning.Baselines. We compare394

CANDICE against: (i) vision only or signal only395

models trained end to end, (ii) retrieval augmented396

pipelines without agentic control, (iii) heuristic397

agentic systems such as ReAct style agents, and398

(iv) fixed execution pipelines implemented using399

LangGraph style frameworks. All baselines use400

comparable backbone architectures to ensure fair-401

ness. Evaluation Metrics. We report Accuracy,402

Macro F1, Tail F1, and Domain Generalization403

Gap. Tail F1 measures performance on rare classes,404

while Domain Generalization Gap captures the per-405

Method Accuracy (%) Macro F1 Tail F1 Domain Gen. Gap ↓

Vision only Model 68.2 65.1 52.7 12.3
RAG + Vision (No Agents) 74.5 70.8 60.2 9.7
ReAct style Agent 76.0 72.1 62.8 8.9
LangGraph Pipeline 77.3 73.5 64.0 8.2
CANDICE (Ours) 81.6 78.9 70.5 5.3

Table 5: Overall performance of the proposed Agentic
Causal Disentanglement (CANDICE) framework.

Method Replanning Triggered (%) Recovery Success (%) Avg. Steps to Recovery

Single Pass Agent 12.5 52.0 3.8
ReAct (No Memory) 18.3 60.1 3.2
LangGraph (Static DAG) 25.6 70.5 2.9
CANDICE (Ours) 38.9 85.4 2.1

Table 6: Evaluation of multi step replanning behavior.

formance drop between in domain and out of do- 406

main evaluation. Additional agent level metrics are 407

reported in Tables 3 4. 408

3.2 Application 1: Seizure Onset Zone 409

Localization 410

Setup. For SOZ localization from rs-fMRI, Inde- 411

pendent Components (ICs) are first extracted via 412

Independent Component Analysis, set up by CPA, 413

who also encodes neurophysiological priors into 414

a compact knowledge feature set (K-NumC, K- 415

ThruV, K-SparseA, K-SparseF), while CGA imple- 416

ments the corresponding extraction pipelines and a 417

2D CNN branch that classifies noise vs. non-noise 418

ICs. CDA then constructs a CCKI decision tree 419

over the knowledge-driven classifier hK(x) and 420

the deep branch hD(x) by ranking hypotheses us- 421

ing Entropy Imbalance Gain (EIG). Under extreme 422

rare-class imbalance (approximately 5 SOZ ICs 423

per subject), CDA selects hK(x) as the root expert 424

when EIG(hK) = 0.22≫ EIG(hD) = 0.027, and 425

uses Gini impurity to decide whether further re- 426

finement via the DL branch is required. The full 427

pipeline is instantiated automatically by the CAN- 428

DICE framework and then used within the CCKI 429

decision process (see Figure 6), which improves 430

rare-class performance and model generalization 431

across domains. 432

Results. Table 7 summarizes performance. The 433

fused CANDICE model achieved 84.6% accuracy 434

and 89.7% sensitivity, outperforming the baseline. 435

The framework reduced expert review workload 436

from 110 ICs to 18 per subject (84.2% reduction). 437

Cross-center generalization was evaluated on the 438

private datasets by training it on Phoenix Chil- 439

dren’s Hospital (PCH) dataset and testing on an 440

unseen University of North Carolina (UNC) dataset 441

without fine-tuning. Performance remained stable 442

(87.5% accuracy), even though the DL branch de- 443
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graded from 80% to 70% noise classification accu-444

racy. Since the SOZ class itself is a rare class, the445

overall accuracy reflects an improvement as well.

Method Acc (%) Sens (%) Effort

DL Branch (2D CNN Baseline) 46.1 48.9 110
CANDICE(Ours) 84.6 89.7 18

Table 7: SOZ localization performance. The CCKI
based model’s decision tree under CANDICE frame-
work significantly outperforms individual components
and baselines (Kamboj et al., 2024).

446

3.3 Application 2: Diabetic Retinopathy447

Grading448

Setup. For 5-class DR grading, we construct449

a pool of ten binary classifiers: five ViT-based450

deep models hD(x) (one per DR grade) and five451

knowledge-driven classifiers hK(x). CPA aggre-452

gates lesion-level and vessel-morphology priors453

from clinical literature into rule templates for454

DR severity (e.g., microaneurysm count, hemor-455

rhage burden, vessel tortuosity), while CGA gener-456

ates YOLOv11-based lesion detectors and vessel-457

analysis routines that instantiate these rules as com-458

putable features. CDA then applies CCKI to orga-459

nize hD(x) and hK(x) into a hierarchical decision460

tree, selecting splits by EIG and pruning via Gini461

impurity to respect long-tail and domain-shift con-462

straints. This yields a knowledge-informed classifi-463

cation cascade that starts with coarse severity triage464

and refines predictions along clinically meaning-465

ful boundaries, with the entire CANDICE+CCKI466

pipeline illustrated in Figure 7.467

Method F1 (DR Stage 3) F1 (DR Stage 4)

DL Branch (ViT) 45.2 51.8
CANDICE (Fusion) 50.1 (+10.8%) 57.3 (+10.6%)

Table 8: Rare DR class performance (MDG setting).

Domain Generalization. We trained the468

pipeline on the APTOS dataset and tested it on469

external datasets. The baseline model achieved470

78.4% accuracy, while our model achieved 84.69±471

0.3%, demonstrating a clear improvement in cross-472

dataset generalization performance.473

We evaluate both Single-Domain Generalization474

(SDG) and Multi-Domain Generalization (MDG)475

using four different datasets APTOS (Kauppi et al.,476

2019), EyePACS (Kaggle, 2015), MESSIDOR, and477

MESSIDOR2 (Decencière et al., 2014).478

SDG. Table 9 shows that CANDICE outper- 479

forms ViT and several DG baselines in three out 480

of four configurations. Notably, training on MES- 481

SIDOR2 yields 65.5% accuracy, surpassing SPSD- 482

ViT, despite the ccki branch having far fewer pa- 483

rameters.

Source DL (ViT) CANDICE Fusion Best Baseline

APTOS 53.9 59.9 58.6 (SD-ViT)
MESSIDOR 57.0 67.1 55.9 (SPSD-ViT)
MESSIDOR2 41.1 65.5 62.1 (SPSD-ViT)
EYEPACS 50.6 61.7 62.5 (SPSD-ViT)

Table 9: Single-Domain Generalization (SDG) accuracy
(%). CANDICE outperforms baselines in most settings.
The DL is fine tunned model

484MDG. In Table 10, the knowledge branch alone 485

achieves 53.1% average accuracy, outperforming 486

numerous DG approaches and the standalone ViT 487

(50.0%). CANDICE achieves the highest multi- 488

domain accuracy in MDG setting.

Method Backbone Accuracy (%)

Fishr ResNet50 47.0
SPSD-ViT T2T-14 50.0

DL Branch (ViT) DeiT-S 50.1
KL Branch KL-ccki 53.1
CANDICE (Fusion) DL+KL 60.7

Table 10: Multi-Domain Generalization (MDG) re-
sults when trained on EYEPACS, MESSIDOR-1, and
MESSIDOR-2 and tested on APTOS unseen domain.

489

3.4 Application 3: Cardiac Function 490

Assessment 491

Setup. For cardiac function assessment, we apply 492

the Agentic Causal Disentanglement (CANDICE) 493

Framework to the task of estimating left-ventricular 494

ejection fraction (LVEF) from apical four-chamber 495

echocardiogram videos. Unlike a standard deep 496

learning model which treats the video as an end-to- 497

end regression problem, our CANDICE pipeline 498

integrates clinical knowledge describing ventric- 499

ular anatomy and beat-to-beat temporal structure, 500

inspired by the clinical workflow in the EchoNet- 501

Dynamic paper (Ouyang et al., 2020). Specifi- 502

cally: The (CRA) derives expert-aligned segmen- 503

tation of the left ventricle and localises cardiac 504

cycle boundaries. The (CDA) disentangles anatom- 505

ical structure from temporal/hemodynamic factors, 506

thereby reducing domain-shift and long-tail fail- 507

ure. The (CGA) gives code for extracting deep 508

spatio-temporal features with the expert-derived 509

cycle-wise summaries and enforces a beat-by-beat 510

aggregation policy rather than single-clip regres- 511

sion. 512

7



We train and validate on the publicly available513

EchoNet-Dynamic dataset from Stanford (AIMI,514

2020), following the same split protocol as the515

baseline deep network. Results. Since the goal516

of CANDICE is generalizable knowledge integra-517

tion rather than hand-tuned video optimization, its518

performance remains slightly below the original519

EchoNet-Dynamic results but maintains clinically520

meaningful accuracy. Our measured CANDICE re-521

sults are shown in Table 11, Results are discussed522

in Appendix C.1.523

Method EF MAE / Beat Var (%) HF AUC

EchoNet-Dynamic 4.1 / 6.0 / 2.6 (6.4) 0.97
CANDICE (Ours) 4.8 / 6.6 / 3.1 (5.9) 0.94

Table 11: LVEF estimation and heart-failure classifica-
tion. CANDICE approaches, but does not surpass, the
optimized EchoNet-Dynamic pipeline, achieving sim-
ilar HF AUC while maintaining realistic EF error but
with reduced model engineering cost.

3.5 Application 4: Coronary Artery Disease524

Detection from ECG525

Setup. For automated diagnosis of Coronary526

Artery Disease (CAD), we evaluate the (CAN-527

DICE) framework using Exercise Stress ECG528

(ESE) data from the Mayo Integrated Stress Center529

(MISC) database. Traditional convolutional and530

vision transformer models (ViTs) often fail to cap-531

ture domain-specific temporal and physiological532

nuances essential for ischemic event detection. To533

address this, CANDICE integrates domain knowl-534

edge from cardiologists through two causal knowl-535

edge agents: the (CRA) and the (CDA). In prac-536

tice, expert knowledge was incorporated into the537

model through lead selection masks and MET-538

level encoding, reflecting clinicians’ understand-539

ing of ischemic signal relevance. This guided the540

transformer’s attention toward clinically meaning-541

ful ECG regions, thereby reducing noise and false542

positives. All models were trained on 726 subjects543

and tested on 227 unseen cases, following the same544

data split protocol as prior work that resulted in av-545

erage 10% greater performance than the baselines.546

4 Conclusion547

We presented CANDICE, an agentic framework548

for robust and class-aware inference under two con-549

ditions that most often undermine real-world AI550

systems: domain shift and long-tailed label distribu-551

tions. Instead of relying on a single monolithic pre-552

Method Knowledge PPV / NPV / AUC (%)

Manual Diagnosis Human-only 77.0 / 96.0 / –
DL Branch (ViT Baseline) None 79.0 / 81.8 / 82.0
CANDICE (Ours) Lead + MET masks 91.2 / 93.0 / 92.2

Table 12: CAD detection results on ESE dataset. CAN-
DICE integrates expert priors via lead and MET mask-
ing, superior results

dictor, CANDICE decomposes inference into coor- 553

dinated stages handled by specialized agents. The 554

Clinical/Conceptual Reasoning Agent (CRA) pro- 555

duces evidence-linked, class-conditional reasoning 556

artifacts; the Causal Disentanglement Agent (CDA) 557

selects decision pathways that balance robustness 558

and tail sensitivity under domain constraints; and 559

the Code Generation Agent (CGA) grounds ab- 560

stract decisions in executable, verifiable computa- 561

tion. This design enables conditional knowledge 562

integration at the decision level, avoiding brittle 563

feature-level fusion. 564

Across four medical applications spanning 565

ten datasets and multiple modalities, CANDICE 566

consistently improves performance in regimes 567

where standard deep models and existing domain- 568

generalization approaches degrade. In particular, 569

we observe improved accuracy and F1 for rare and 570

clinically critical classes, stable cross-domain gen- 571

eralization to unseen datasets without fine-tuning, 572

and reduced expert workload through structured 573

and interpretable decision outputs. These benefits 574

are especially pronounced in long-tailed settings, 575

where unconditional sharing of representations of- 576

ten amplifies head-class bias. 577

More broadly, CANDICE suggests a general 578

design principle for reliable AI systems: resolv- 579

ing robustness–tail trade-offs demands conditional, 580

decision-level intervention rather than monolithic 581

prediction. While evaluated here in healthcare, 582

the framework is model-agnostic and applicable 583

to other high-stakes domains where rare events, 584

distribution shift, and interpretability are central 585

concerns. 586

Ethics Statement 587

This work proposes a general algorithmic frame- 588

work and does not constitute a deployable clinical 589

decision system. All datasets used are publicly 590

available or approved for research use and were 591

handled in accordance with their original licenses. 592

CANDICE is intended to support, not replace, hu- 593

man experts, and improper deployment without 594
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validation or oversight could lead to harm. We em-595

phasize the need for rigorous external validation,596

transparency, and human-in-the-loop safeguards597

when applying agentic systems in high-stakes set-598

tings.599

Limitations600

CANDICE has several limitations. Our evalua-601

tion focuses on healthcare tasks, which limits di-602

rect claims about performance in non-medical do-603

mains. The framework relies on the availability604

and quality of trusted knowledge sources; poorly605

curated or outdated knowledge can degrade reason-606

ing quality. CANDICE also introduces additional607

inference-time overhead due to retrieval, planning,608

and execution steps, which may increase latency609

compared to single-pass models. Finally, while610

ablations provide insight into agent roles, more611

fine-grained causal diagnostics for agent decisions612

remain an open challenge.613

614
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A Appendix862

A.1 Agentic Learning and LLMs as863

Reasoning Engines864

LLMs have emerged as powerful agents capable865

of solving multi step tasks across domains, in-866

cluding mathematical reasoning (Wei et al., 2022),867

tool usage (Schick et al., 2023; Qin et al., 2023),868

robotic navigation and planning (Ahn et al., 2022;869

Singh et al., 2023), and interactive code generation870

(Yang et al., 2023). Most contemporary LLM based871

agents rely on chain of thought (CoT) prompting872

(Wei et al., 2022) to decompose problems into in-873

termediate reasoning steps, interleaved with envi-874

ronment specific actions such as tool invocation875

or state transitions (Yao et al., 2023b). Extensions876

include feedback driven refinement (Shinn et al.,877

2023), adaptive task decomposition (Prasad et al.,878

2023), and explicit search over reasoning trajec-879

tories (Yao et al., 2023a). While highly effective,880

these architectures still face challenges in gener-881

alization, compositional reasoning, and decision882

making under uncertainty, motivating our design883

of causal and disentangled agents.884

B Class Conditional Knowledge885

Integration886

We assume that we have a set of hypothesis:887

H(X) = {h1(X) . . . hm(X)} some of which are888

data driven hypothesis for example using deep889

learning, while some others are purely knowledge890

(clinical knowledge in case of medical imaging)891

driven. Without loss of generality lets assume that892

hi(x)∀i < mk is knowledge driven, while rest are893

data driven. For each class yj ∈ Y , let ϕyj be the894

if-then-else rule that combines H(X) to obtain a895

hypothesis for class yj . The if-then-else combina-896

tor can be learned as a path in a decision tree that897

does the following sequential steps:898

• Step 1: applies a hypothesis from the set899

H(X),900

• Step 2: decides if it is the class yj or not yj ,901

• Step 3: evaluates the purity of each decision,902

• Step 4: if purity > threshold then stops the903

branch,904

• Step 5: else continues with new h(X) and905

repeats step 1.906

• Stopping condition: The tree may be stopped 907

at a specific depth bj for the class yj . 908

Let hit be the hypothesis applied at depth t of the 909

conditional branch of the decision tree. We define 910

a admission function αt(X) = 1(hit(X) = yj), 911

where 1(condition) denotes a indicator variable 912

based on satisfaction of the condition, 1 if satisfied, 913

0 if not. Let π(hit , X, yj) denote purity evaluation 914

of the hypothesis hit applied at step t with respect 915

to the class yj . Lets assume that θj is a purity 916

threshold for class yj . Then the combined admis- 917

sion function at step t for class j can be written 918

as: 919

ψj,t(X) = 1(αt(X) = 1, πt(X) ≥ θj) × (2) 920
s=1∏
t−1

1(αs(X) = 1, πt(hit , X, yj) < θj). 921

Rationale: The above equation simply states that 922

in the previous t−1 steps of the branch the decision 923

as to whether the test data is class yj or not was 924

inconclusive but at the step t we achieve conclusive 925

confidence. The final class specific hypothesis is 926

then given by 927

ϕyj
(X) =

bj∑
t=1

hit (X)ψj,t(X) (3) 928

Equation 3 formally describes the CCKI clas- 929

sifier where if it < mk at any step t then it is a 930

clinical knowledge based classifier else it is a data 931

driven learner/model. 932

Theorem 1 CCKI enables disentanglement of do- 933

main generalization and long tail components of 934

the per class generalization bound (informal state- 935

ment). 936

Proof: At each depth of the CCKI sequence we 937

either use a data driven machine or a knowledge 938

guided machine. Hence, each depth of CCKI result 939

in hypothesis with mutually exclusive parameter 940

sets. The overall risk level from Equation 3 can be 941

expressed as - 942

RT (ϕyj
) = E

(x,y)∼PT

[ℓ(ϕyj
(x), y)], (4) 943

=
∑

i>mk,t

ψj,t(x) E
(x,y)∼PT

[
ℓ
(
hi,t(x), y

) ]
︸ ︷︷ ︸

data-driven (domain-generalization) part

+ 944

∑
i≤mk,t

ψj,t(x) E
(x,y)∼PT

[
ℓ
(
hi,t(x), y

) ]
︸ ︷︷ ︸

knowledge-driven (long-tail) part

. 945

=
∑

i>mk,t
ψj,t(x)RDG(hi(x)) +

∑
i≤mk,t

ψj,t(x)RLT (hi(x)) 946
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If we find the divergence of the loss with respect to947

hypothesis learned parameters θi, then we get the948

following:949

∇θRT (ϕyj
) =

∑
i>mk,t

ψj,t(x)∇θi
RDG(hi(x)) (5)950

+
∑

i≤mk,t

ψj,t(x)∇θi
RLT (hi(x))951

=⇒ E
(x,y)∼PT

(∇θi
RDG(hi(x))|i>mk

,∇θi
RLT (hi(x))|i≤mk

) = 0952

Equation 1 directly implies that the domain gener-953

alization (smoothness) optimization is disentangled954

with the long tail (sharpness) optimization under955

CCKI class of hypothesis.956

Theorem 1 guarantees that if knowledge and957

data driven techniques are integrated in the CCKI958

rule based method then it allows disentanglement,959

however, what is the guarantee that a CCKI based960

approach will have better performance than con-961

catenation of data driven and knowledge guided962

representations? To prove this we have Theorem 2.963

Theorem 2 CCKI approach has a higher likeli-964

hood of achieving higher joint probability distribu-965

tion PT (ϕY (X), Y ) than knowledge concatenation966

PT ([h(X),K], Y ) in the target domain (informal967

statement).968

Informal Proof: Since ϕY (X) is expressed as969

a summation, the joint probability distribution970

PT (ϕY (X), Y ) also results in a summation of971

PT (hi(X)|Y )P (Y ) over all i ∈ {1 . . . bj}. Hence,972

if due to the domain generalization risk minimiza-973

tion any of the data driven machines have low joint974

probability, the knowledge machines can compen-975

sate and vice versa. This gives it better likelihood976

of maximizing the joint probability.977

Based on Theorem 1 and Theorem 2 we now978

show an instance of the CCKI method.979

B.1 Instance of CCKI980

Algorithm 1 provides a practical instantiation of the981

CCKI framework. The goal is to dynamically select982

and cascade hypothesis functions either knowledge983

driven hkl(x) or deep learning driven hdl(x) such984

that per-class predictions are optimized under long-985

tailed and domain-shift conditions.986

Given paired samples (x, y), an active set Ω is987

initialized. At each iteration, the algorithm evalu-988

ates every hypothesis h(x) ∈ H using the Entropy989

Imbalance Gain (EIG), which measures how ef-990

fectively a hypothesis reduces uncertainty under991

class imbalance (Shannon, 1948; Li et al., 2020).992

The hypothesis with maximum gain is selected to 993

partition the data. 994

h∗(x) = argmax
h(x)

EIG(h(x)), 995

If the label set Sh∗ of the selected hypothesis con- 996

tains the rare class yr, the algorithm computes the 997

Gini index (Gini, 1912) to quantify intraclass pu- 998

rity. Partitions exceeding the purity threshold τg are 999

retained for cascading, whereas sufficiently pure 1000

partitions trigger termination. If the rare class is 1001

absent, the algorithm extracts the subset containing 1002

yr and continues. When multiple hypotheses pro- 1003

duce similar EIG values within tolerance τm, the 1004

final choice is made based on confidence exceeding 1005

the dependability threshold dth. 1006

Algorithm 1 Class-Conditional Knowledge Inte-
gration (CCKI)

Require: Paired dataset (x, y), rare label yr,
thresholds τm, τg, dth, hypothesis set H with
label partitions Sh

1: Initialize active set Ω← (x, y)
2: while active set Ω continues to refine meaning-

fully do
3: for each hypothesis h(x) ∈ H do
4: Compute entropy imbalance gain

EIG(h(x)) on Ω
5: end for
6: h∗(x)← argmaxh(x)EIG(h(x))
7: if no tie within τm then
8: if yr ∈ Sh∗ then
9: Compute Gini(s)

10: if Gini > τg then
11: Update active set: Ω← s
12: else
13: Stop
14: end if
15: else
16: Ω← {s ∈ Sh∗ | yr ∈ s}
17: end if
18: else
19: Compute confidences for tied hypothe-

ses and choose one with score > dth
20: end if
21: end while

The algorithm’s design is directly motivated by 1007

Theorem 1: by selectively cascading knowledge- 1008

driven classifiers for tail classes and data-driven 1009

models for head classes, CCKI disentangles 1010

domain-generalization (smoothness) and long-tail 1011
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(sharpness) objectives. EIG is favored over tradi-1012

tional information gain or cross-entropy because it1013

emphasizes uncertainty reduction specifically for1014

imbalanced classes, ensuring that rare-class predic-1015

tions are prioritized. The Gini index complements1016

this by providing a computationally stable and in-1017

terpretable measure of partition purity, guiding the1018

decision on whether further cascading is necessary1019

(Gini, 1912; Breiman et al., 1984; Quinlan, 1993;1020

Loh, 2011) to quantify intraclass purity.1021

B.2 Knowledge Extraction for Enabling1022

CCKI1023

A central challenge in realizing Class-Conditional1024

Knowledge Integration (CCKI) lies in extracting1025

the relevant expert knowledge required to guide1026

model decisions. Such knowledge extraction of-1027

ten relies on domain experts, medical annotators,1028

or specialized deep learning pipelines. For exam-1029

ple, lesion- or structure-specific cues frequently1030

require fine-tuned object-detection models such as1031

YOLO (Redmon et al., 2016), SAM (Kirillov et al.,1032

2023), or Detectron2 (Wu et al., 2019) for lesion1033

localization, or U-Net (Ronneberger et al., 2015)1034

for vessel segmentation, each typically trained1035

on expert-annotated datasets of at least 500 im-1036

ages per knowledge attribute. This dependence on1037

fine-grained, pixel-level, or bounding-box anno-1038

tations limits the scalability of CCKI to broader1039

medical tasks where such resources are scarce1040

or prohibitively expensive. Therefore, a promis-1041

ing next direction is to develop an agentic frame-1042

work called Agentic Causal Disen- tanglement1043

(CANDICE), capable of autonomously construct-1044

ing these pipelines, retrieving domain-specific cues,1045

and organizing them into structured priors for1046

CCKI, thereby significantly reducing manual hu-1047

man involvement.1048

B.3 Ablation Study I: Evaluating Symbolic1049

Knowledge for CCKI1050

Ablation Study I: Evaluating Symbolic Knowl-1051

edge for Selecting hK(x). To determine which1052

symbolic knowledge features are suitable for con-1053

structing the CCKI knowledge hypothesis hK(x),1054

we evaluate two clinically motivated feature fam-1055

ilies on APTOS: (1) lesion biomarkers (exudates,1056

hard hemorrhages, soft hemorrhages, cotton wool1057

spots), and (2) retinal vein morphology (tortuos-1058

ity, caliber, branching angles). The goal is to test1059

whether these symbolic features provide domain-1060

stable discriminative power consistent with the re-1061

quirement that P (K | Y ) remains approximately 1062

invariant across imaging centers. We train five 1063

standard classifiers on each feature set and report 1064

performance in Table 13. 1065

Across all models, lesion-only features yield 1066

substantially higher accuracy and F1-score than 1067

the combined lesion-plus-vein feature set. Gradi- 1068

ent Boosting with lesion biomarkers achieves the 1069

best results (accuracy 0.8465, F1 0.8412), indicat- 1070

ing that lesion-level symbolic cues form a clean, 1071

well-separated representation for DR stages. In 1072

contrast, adding vein morphology consistently de- 1073

grades performance for every classifier, suggesting 1074

that these features introduce domain-sensitive vari- 1075

ability rather than causal invariants. This behavior 1076

aligns with our theoretical framework: only knowl- 1077

edge features with low class-conditional domain di- 1078

vergence are appropriate for hK(x) in CCKI, while 1079

domain-unstable features increase the effective dis- 1080

crepancy term and weaken rare-class guarantees. 1081

Based on this ablation, we select Gradient Boost- 1082

ing on lesion biomarkers only as the canonical 1083

knowledge classifier hK(x) used in our hypothesis 1084

pool. This choice provides stable, interpretable, 1085

and clinically grounded decision boundaries that 1086

integrate reliably with deep hypotheses hD(x) in 1087

the CCKI rule cascade. 1088

Model Feature Set Acc F1 Prec Rec AUC

Logistic Reg. Lesions only 0.7732 0.7322 0.59 0.49 0.74
Random Forest Lesions only 0.8169 0.8115 0.82 0.80 0.81
SVM Lesions only 0.7814 0.7432 0.59 0.50 0.76
Grad. Boost. Lesions only 0.8465 0.8412 0.82 0.76 0.84
KNN Lesions only 0.7814 0.7896 0.63 0.56 0.77

Logistic Reg. Lesions + vein 0.6424 0.6019 0.25 0.33 0.58
Random Forest Lesions + vein 0.7384 0.7038 0.55 0.47 0.70
SVM Lesions + vein 0.6556 0.6083 0.26 0.34 0.58
Grad. Boost. Lesions + vein 0.7252 0.7389 0.51 0.44 0.69
KNN Lesions + vein 0.6987 0.6369 0.43 0.44 0.66

Table 13: Ablation on symbolic lesion biomarkers
with and without retinal vein features on APTOS.
Lesion-only features provide the strongest and most
stable performance across models; adding vein mor-
phology degrades accuracy and F1.

B.4 Ablation Study II: Effect of Hypothesis 1089

Pool Composition in CCKI 1090

Ablation Study II: Effect of Hypothesis Pool 1091

Composition in CCKI. We evaluate how the com- 1092

position of the CCKI hypothesis poolH influences 1093

in-domain performance on APTOS. All experi- 1094

ments use the standard 5-class Diabetic Retinopa- 1095

thy (DR) classification setting (stages 0 4). The 1096

hypothesis pool contains two types of models: 1097
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• Knowledge-guided hypotheses hK(x) imple-1098

mented using Gradient Boosting over a fixed1099

10-dimensional clinical feature vector K (as1100

per Ablation Study I).1101

• Deep-learning hypotheses hD(x) imple-1102

mented as ViT-based image classifiers fine-1103

tuned for DR grading.1104

Across all settings, the clinical feature vector1105

K remains unchanged; we vary: (i) the number1106

of hK(x) and hD(x) in H, and (ii) the prediction1107

granularity of each hypothesis (5-class vs. binary1108

one-vs-rest). Six configurations are evaluated (Ta-1109

ble 14).1110

Condition # Deep hD(x) # KL hK(x) AUC (%)

A1: 5-class hD(x) + 5-class hK(x) 1 1 83.24 ± 0.60
A3: binary hD(x) + binary hK(x) 5 5 81.49 ± 0.30
A2: binary hK(x) + 5-class hD(x) 1 5 84.65 ± 0.30
A4: binary hD(x) + 5-class hK(x) 5 1 78.05 ± 0.76
A5: 5-class hD(x) only 1 0 78.74 ± 0.98
A6: 5-class hK(x) only 0 1 80.63 ± 0.13

Table 14: Ablation of CCKI hypothesis pool composi-
tion on APTOS (5-class DR classification).

Discussion. Condition A2 delivers the highest1111

accuracy because the 5-class deep hypothesis pro-1112

vides holistic visual representation, while the five1113

binary hK(x) models contribute class-specific clin-1114

ical cues that improve fine-grained discrimina-1115

tion. Large binary-only mixtures (A3, A4) perform1116

worse due to overlapping or contradictory decision1117

boundaries within the CCKI rule cascade. Single-1118

family baselines (A5, A6) underperform as they1119

lack complementary perspectives.1120

Limitations and Future Directions. CCKI sup-1121

ports an unbounded number of hypotheses, but ef-1122

fective operation requires avoiding excessive redun-1123

dancy when using one-vs-rest specialists. In this1124

work, |Y| = 5 (DR stages), so the binary hypothe-1125

ses naturally map to five DR subclasses. Impor-1126

tantly, CCKI is not restricted to binary splits: it1127

can accommodate arbitrary sub-multiclass hypothe-1128

ses (e.g., mild vs. severe tiers), which we identify1129

as a promising direction for future work.1130

C Reinforcement Learning–Based1131

Optimization1132

Beyond code refinement, we employ a reinforce-1133

ment learning agent to tune key detection and1134

preprocessing parameters (e.g., YOLO confidence1135

thresholds, segmentation post-processing filters).1136

When annotated validation data are available, the 1137

agent observes the current parameter value as the 1138

state, selects actions from {−0.05, 0,+0.05}, and 1139

receives the resulting IoU as the reward. Updates 1140

follow a standard Q-learning schedule with learn- 1141

ing rate α = 0.1 and discount factor γ = 0.9. 1142

Additional implementation details are provided in 1143

final suplimentary materials. 1144

C.1 Discussion of EchoNet-Dynamic system’s 1145

Result 1146

CANDICE’s results do not surpass the hand- 1147

engineered EchoNet-Dynamic system, which bene- 1148

fits from extensive video-specific optimization and 1149

years of domain-tailored refinement. Importantly, 1150

CANDICE provides substantial reductions in hu- 1151

man intervention workload. While we did not 1152

perform a formal measurement, the improvement 1153

in external MAE demonstrates enhanced domain 1154

generalization, and beat-level aggregation reduces 1155

the required human review effort by an estimated 1156

∼ 70%. 1157

Figure 5: Fundus images showing Diabetic Retinopathy
progression: from No DR to Proliferative DR,
highlighting key lesions at each stage (Kauppi et al.,
2019).

D Appendix Figures 1158

Figure 6: DeepXSOZ: A Hybrid Knowledge-AI Ar-
chitecture for Seizure Onset Zone (SOZ) Localiza-
tion. The framework employs a bipartite training archi-
tecture. During inference, the final SOZ classification is
determined by integrating the labels from both MDL and
MCCKI via confidence scores, yielding a final, integrated,
and explainable diagnostic result.

15



Figure 7: Hierarchical Knowledge-AI Integration
Framework for Diabetic Retinopathy (DR) Classifi-
cation. The system integrates a Deep Learning Ma-
chine (Md, ViT backbone) and an Expert Knowledge
Machine (Mk, clinical features/guidelines) within a de-
cision tree. The CCKI algorithm iteratively selects the
optimal binary classifier (maximum Entropy Imbalance
Gain, EIG) for node splitting.

E Analysis and Discussion1159

In this section, we analyze the behavior of CAN-1160

DICE beyond aggregate performance metrics and1161

discuss the roles played by individual agents, the1162

generality of the framework, and its relationship1163

to prior reasoning paradigms such as Chain of1164

Thought (CoT). Our goal is to clarify why CAN-1165

DICE works, not merely that it works.1166

E.1 Importance of CGA Agent1167

The Code Generation Agent (CGA) plays a crit-1168

ical but often underappreciated role in the CAN-1169

DICE framework. While the CRA and CDA are re-1170

sponsible for reasoning and planning, respectively,1171

the CGA ensures that these abstract decisions are1172

grounded in executable, verifiable computations.1173

Our experiments show that this grounding is essen-1174

tial for both robustness and interpretability.1175

Without the CGA, reasoning outputs remain1176

symbolic or textual artifacts that may appear co-1177

herent but fail silently when applied to real inputs.1178

This failure mode is particularly problematic un-1179

der domain shift, where assumptions encoded in1180

reasoning chains may not hold. By contrast, the1181

CGA enforces executability: every decision path-1182

way selected by the CDA must correspond to a1183

concrete program whose behavior can be observed1184

and validated.1185

The tool use evaluation in Table 4 highlights1186

this effect quantitatively. Compared to single shot1187

LLM code generation and Toolformer style agents,1188

the CGA achieves higher final execution rates with1189

fewer correction iterations. More importantly, exe-1190

cution failures become explicit signals that can be1191

used by the CDA to revise plans, rather than latent1192

errors that propagate unnoticed.1193

From a causal perspective, the CGA acts as a 1194

grounding intervention. It prevents the system from 1195

relying on spurious symbolic reasoning by forcing 1196

alignment between abstract knowledge and observ- 1197

able computation. This property is especially valu- 1198

able in safety critical or high stakes settings, but it is 1199

equally important for scientific validity: it enables 1200

precise error attribution and systematic debugging 1201

of agentic behavior. 1202

E.2 Importance of CDA Agent 1203

The Causal Disentanglement Agent (CDA) is the 1204

core decision making component of CANDICE and 1205

the primary source of performance gains observed 1206

across tasks. Ablation results in Table 3 demon- 1207

strate that removing or simplifying the CDA leads 1208

to substantial degradation in Tail F1 and success 1209

rate, even when all other components are retained. 1210

The key contribution of the CDA is not merely 1211

planning, but selective intervention. Prior agentic 1212

systems often apply reasoning or tool use uniformly 1213

across inputs, leading to unnecessary computation 1214

and increased error rates. The CDA instead learns 1215

to differentiate between inputs that benefit from 1216

knowledge intensive reasoning and those that are 1217

best handled by domain invariant statistical models. 1218

This selectivity is crucial for resolving the long 1219

standing conflict between domain generalization 1220

and long tailed learning. Head classes benefit from 1221

smooth, invariant decision boundaries, while tail 1222

classes require sharp, knowledge guided distinc- 1223

tions. By dynamically routing inputs through dif- 1224

ferent pathways, the CDA prevents these objectives 1225

from interfering with one another. 1226

Conceptually, the CDA transforms the learning 1227

problem from a single global optimization into a 1228

collection of local, context dependent decisions. 1229

This perspective aligns with decision theoretic 1230

views of intelligence and suggests that robustness 1231

under distribution shift may fundamentally require 1232

agentic control rather than monolithic predictors. 1233

E.3 Model Agnostic Nature 1234

An important property of CANDICE is its model 1235

agnostic nature. The framework does not assume a 1236

specific backbone architecture, modality, or train- 1237

ing objective. Instead, it operates at the level of 1238

decision orchestration, making it compatible with 1239

a wide range of base models, including vision en- 1240

coders, sequence models, and multimodal systems. 1241

This property is empirically supported by the 1242

diversity of tasks evaluated in Section 3. Despite 1243
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substantial differences in input structure and la-1244

bel semantics, CANDICE consistently improves1245

robustness and tail performance. These gains can-1246

not be attributed to architectural specialization, but1247

rather to the agentic CCKI principle that governs1248

when and how knowledge is integrated.1249

From a practical standpoint, model agnosticism1250

makes CANDICE easier to deploy and extend.1251

Existing systems can be augmented with agen-1252

tic causal disentanglement without retraining core1253

models from scratch. From a scientific standpoint,1254

it suggests that the benefits of CANDICE stem1255

from structural properties of decision making rather1256

than domain specific heuristics.1257

E.4 Constraints based CoT vs. CANDICE1258

Recent work has proposed constraining Chain of1259

Thought (CoT) reasoning to improve reliability and1260

reduce hallucination. While these approaches share1261

superficial similarities with CANDICE, they differ1262

fundamentally in scope and mechanism.1263

Constraints based CoT methods operate within1264

a single reasoning trace, enforcing syntactic or se-1265

mantic validity of intermediate steps. They do not1266

alter the underlying decision structure of the model,1267

nor do they provide a mechanism for resolving1268

conflicts between competing objectives such as ro-1269

bustness and tail sensitivity.1270

CANDICE, by contrast, treats reasoning as one1271

component of a broader causal decision process.1272

Reasoning outputs are not ends in themselves, but1273

inputs to a planner (CDA) that decides whether,1274

when, and how they should influence predictions.1275

Moreover, CANDICE grounds reasoning through1276

executable programs, something that CoT based1277

methods do not address.1278

In this sense, CANDICE subsumes constrained1279

CoT as a special case: reasoning can be con-1280

strained, but it is never unconditional. This distinc-1281

tion explains why CANDICE achieves consistent1282

gains under domain shift, whereas CoT based meth-1283

ods often fail to generalize beyond their training1284

distributions.1285

E.5 Clinical Reasoning Agent (CRA)1286

The Clinical Reasoning Agent (CRA) performs1287

structured reasoning over biomedical and clinical1288

knowledge to make evidence grounded decisions.1289

It was evaluated for reasoning faithfulness and1290

knowledge grounding (see Table 1).1291

CRA Prompt Example

Role
Clinical Decision Maker and Evidence Syn-
thesizer

Objective
Produce a step by step reasoning path that
references clinically validated sources, iden-
tifies causal relationships, and concludes
with a diagnosis or recommended action.

Instructions
1. Evidence Retrieval: Retrieve rele-

vant literature, guidelines, or struc-
tured knowledge bases before reason-
ing. Cite sources explicitly where ap-
plicable.

2. Stepwise Reasoning: Generate rea-
soning in a multi step chain (symptom
→ mechanism→ differential diagno-
sis).

3. Validation: For each claim, check if
supported by evidence. Mark unsup-
ported claims clearly.

4. Decision Output: Provide a final rec-
ommendation or classification only af-
ter completing reasoning.

5. Error Handling: Indicate uncertainty
and suggest additional tests if evidence
is insufficient.

Prompt Template (Experiments)

"You are a clinical reasoning agent.
Patient scenario: {input_case}.
Retrieve relevant guidelines and

literature.↪→
For each observation, generate a

causal reasoning step.↪→
Mark evidence supported steps

clearly.↪→
At the end, provide a diagnosis or

action plan.↪→
If uncertain, suggest further tests or

observations."↪→

Notes
CRA achieved high Faithful Steps (85.7%)
and low hallucination rate (4.5%) in experi-
ments.

1292
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E.6 Causal Disentanglement Agent (CDA)1293

The Causal Disentanglement Agent (CDA) is re-1294

sponsible for multi step planning, agent coordina-1295

tion, and disentangling causal factors, especially1296

under domain shift and long tailed distributions.1297

\subsubsection*{Role}
Multi Agent Planner and Coordinator

\subsubsection*{Objective}
Plan and sequence agent level actions to

maximize task success and robustness,
performing replanning if intermediate
steps fail.

↪→
↪→
↪→

\subsubsection*{Instructions}
\begin{enumerate}

\item \textbf{Task Decomposition:} Break
complex tasks into sequential sub
tasks.

↪→
↪→
\item \textbf{Agent Scheduling:} Decide

execution order for specialized
agents (CRA, CGA, etc.).

↪→
↪→
\item \textbf{Replanning:} Trigger

replanning upon errors, uncertainty,
or unexpected outcomes.

↪→
↪→
\item \textbf{Step Tracking:} Maintain

executed steps and reasoning states
for traceability.

↪→
↪→
\item \textbf{Causal Disentanglement:}

Identify and separate spurious
correlations from causal mechanisms.

↪→
↪→

\end{enumerate}

Prompt Template (Experiments)1298

"You are the Causal Disentanglement Agent.
Given a task T, decompose it into sub tasks.
Assign sub tasks to specialized agents.
Monitor their outputs.
If any step fails, replan a new sequence.
Maintain causal trace logs for each action."

\subsubsection*{Notes}
CDA planning improved performance (accuracy

81.1\%, tail F1 70.1\%) while reducing
average steps to 2.2 (see
Table~\ref{tab:planning_ablation}).

↪→
↪→
↪→

E.7 Code Generation Agent (CGA)1299

The Code Generation Agent (CGA) generates,1300

executes, and corrects programmatic workflows, in-1301

tegrating tools and ensuring reproducible execution1302

(see Table 4).1303

CGA Prompt Example

Role
Autonomous Code Synthesizer and Execu-
tor

Objective
Generate correct executable code, handle
errors, and iteratively refine outputs to reach
successful execution.

Instructions
1. Code Generation: Translate sub task

requirements into Python (or target lan-
guage) code.

2. Execution Testing: Run code in a safe
environment and log errors.

3. Correction Loop: Analyze errors, fix,
and retry until successful or maximum
retries reached.

4. Tool Integration: Use specialized li-
braries or APIs as required.

5. Output Reporting: Provide final out-
puts along with a brief execution trace.

Prompt Template (Experiments)

"You are a code generation agent.
Given a sub task, write executable

Python code.↪→
Run the code safely and report errors.
Iteratively fix errors up to N retries.
Return final output and execution

log."↪→

Notes
CGA achieved 90.1% first run success and
96.3% final execution rate.

1304

F Additional Experimental Results 1305

F.1 Language Only Clinical Reasoning Task 1306

Method Accuracy (%) Reasoning F1 Decision Consistency

LLM (Zero Shot) 63.4 58.7 61.2
RAG + LLM 70.5 65.2 68.0
ReAct 72.9 67.8 70.1
CANDICE (Ours) 78.3 74.5 77.6

Table 15: Evaluation of CANDICE on a language only
clinical reasoning task.

F.2 Computational Cost and Efficiency 1307
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Method Inference Time (s) # LLM Calls Memory (GB) Accuracy Gain

Vision only Model 1.2 1 4.0
RAG Baseline 2.5 3 6.2 +6.3
ReAct Agent 3.0 5 6.8 +7.8
CANDICE (Ours) 3.8 7 7.5 +13.4

Table 16: Computational cost and efficiency analysis
for different frameworks.

19



Metric Definition Computation / Formula Who Computes Auto Human

Replanning Triggered
(%)

Fraction of samples where the
agent detects failure or uncer-
tainty and initiates a new plan

#samples with replanning
#total samples × 100 System logger

(CDA)
✓

Recovery Success (%) Percentage of replanned cases suc-
cessfully solved after replanning

#successful recoveries
#replanned cases × 100 Evaluation script ✓

Avg. Steps to Recov-
ery

Average number of actions re-
quired after failure to reach a valid
solution

Mean number of agent/tool calls
after first failure

Execution trace
analyzer

✓

Faithful Steps (%) Proportion of reasoning steps sup-
ported by retrieved evidence

#evidence supported steps
#total reasoning steps × 100 NLI based veri-

fier
✓ △

Unsupported Claims ↓ Avg. number of reasoning claims
without evidence

Mean count of unsupported
steps per sample

Trace validation
script

✓

Hallucination Rate ↓ Percentage of outputs containing
factually incorrect claims

#hallucinated outputs
#total outputs × 100 Verifier + audit △ ✓

Expert Agreement (%) Agreement between agent reason-
ing and expert judgment

#expert approved outputs
#evaluated outputs × 100 Domain experts ✓

Reasoning Stability Consistency of reasoning under
minor input perturbations

Average similarity (e.g., Jaccard
/ tree edit distance) across runs

Stability analysis
script

✓

Error Attribution Distribution of failure sources
across reasoning, retrieval, per-
ception, and tools

Categorical classification of fail-
ure causes

Mixed (rules +
audit)

△ △

First Run Success (%) Percentage of executions succeed-
ing without correction

#first run successes
#total executions × 100 Execution logs ✓

Avg. Fix Iterations ↓ Average number of correction
loops after failure

Mean number of fix cycles per
failed execution

Execution trace
analyzer

✓

Final Execution Rate
(%)

Percentage of tasks succeeding af-
ter all corrections

#eventually successful runs
#total runs × 100 Execution moni-

tor
✓

Runtime Overhead Additional runtime introduced by
agent reasoning

TagentTbaseline System profiler ✓

Auto indicates fully automated computation. △ denotes partial automation with human validation on a subset of samples.

Table 17: Definition and computation protocol for agent centric evaluation metrics used in this work.

Agent Role in CANDICE How it is made (in-
puts→ outputs)

How it works (core
steps)

Comparator baselines
and empirical wins
(from your tables)

CRA Grounded reason-
ing and causal ex-
planation (no final
prediction).

Trusted corpus
retrieval → atomic
facts → class-
conditional rea-
soning artifacts +
evidence links.

(1) Retrieve trusted
docs (Lewis et al.,
2020)
(2) Decompose
into atomic factual
units (Roberts et al.,
2020)
(3) Build class-
conditional causal
chains (Andreas
et al., 2016; Tafjord
and Clark, 2021)
(4) Verify step
faithfulness; flag
unsupported steps
(Ji et al., 2023).

Baselines: LLM (No
Retrieval), RAG (No
Reasoning) (Lewis
et al., 2020), ReAct
(Yao et al., 2023b).
Wins: Table 1: Faithful
85.7 vs 73.5 (ReAct)
/ 68.9 (RAG) / 55.2
(LLM); Hallucination
4.5 vs 9.8 / 12.4 / 18.5;
Expert 90.2 vs 79.0 /
74.6 / 61.3.
Robust degradation un-
der knowledge ablation
(Table 2).

CDA Constraint-aware
planning; selects
latent pathway z
and orchestrates
agents/tools.

CRA artifacts +
environment con-
straints (X,K,D)
→ pathway choice
z (agent order,
tool/model selec-
tion, hypothesis
instantiation).

(1) Assess in-
put availabil-
ity/extractability
(2) Estimate class
uncertainty + do-
main sensitivity
(3) Choose class-
conditional pathway
z to preserve tail
fidelity under shift
(4) Allocate
steps/hypotheses
under budget.

Baselines: Fixed order,
Random order, Greedy
(single-step), No CDA
(heuristic only).
Wins: Table 3: Accu-
racy 81.1 vs 76.2 (No
CDA); Tail F1 70.1 vs
64.5; Success 84.7 vs
77.0; Avg. Steps 2.2
vs 3.0 (fewer steps with
higher success).

CGA Executable real-
ization; translates
specs into verifiable
code and repairs
failures.

CRA specs + CDA
plan → runnable
pipeline code +
execution logs +
repaired code (if
needed).

(1) Generate pro-
gram from specs
(Chen et al., 2021)
(2) Execute and
validate tool outputs
(3) Diagnose fail-
ures and revise
(self-debug / repair)
(Gupta et al., 2017;
Chen et al., 2024)
(4) Return exe-
cutable pipeline +
trace.

Baselines: Single-shot
LLM code generation
(Chen et al., 2021),
Toolformer-style agent
(Schick et al., 2023),
Human-written code
(upper bound).
Wins: Table 4: First-
run 90.1 vs 78.5
(Toolformer) / 68.3
(single-shot); Avg. Fix
1.2 vs 1.9 / 2.7; Final
Exec 96.3 vs 91.2 /
84.1.

Table 18: Summary of CANDICE agents: responsibilities, construction, operational steps, and empirical wins
relative to comparator baselines (using values from Tables 1, 2, 3, and 4).
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Symptom Key Observations and Diag-
nostic Relevance

Microaneurysms Tiny red capillary dilations in
the retina; the earliest sign of
Mild NPDR. Their progres-
sion correlates with disease
severity (Frank, 2004; Wilkin-
son et al., 2003; Singh et al.,
2008).

Haemorrhages Includes dot/blot and flame-
shaped types indicating mi-
crovascular leakage. Severe
NPDR is marked by >20
hemorrhages in all quadrants;
risk of PDR rises to ∼ 50%
within a year (of Ophthalmol-
ogy, 2023; Publishing, 2024;
Group, 1991; Singh et al.,
2008).

Hard Exudates Lipid-rich deposits from
chronic leakage, often in/near
the macula. Indicative of risk
for Diabetic Macular Edema
(DME), a major cause of
vision loss (Group, 1991;
Publishing, 2024; Shukla and
Tripathy, 2025).

Cotton Wool Spots Fluffy white retinal lesions
caused by nerve fiber layer
infarctions. Signify retinal is-
chemia in Moderate to Severe
NPDR (Frank, 2004; Publish-
ing, 2024; Shukla and Tripa-
thy, 2025).

Subhyaloid Haemorrhages Boat- or D-shaped hemor-
rhages between retina and
hyaloid face, typically from
ruptured neovascular vessels.
Hallmark of Proliferative DR
(Yanoff and Duker, 2019; for
Pediatric Ophthalmology and
Strabismus, 2023; Shukla and
Tripathy, 2025).

Neovascularization Fragile vessel growth on op-
tic disc (NVD) or retina
(NVE). Defining trait of
PDR. High-risk cases with-
out treatment face ∼ 50%
vision loss within 5 years
(Group, 1991; of Ophthalmol-
ogy, 2023; Shukla and Tripa-
thy, 2025).

Table 19: Clinical signs of DR and their diagnostic significance.
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Without Document RAG CoT Prompt (clinical only, no class prediction)

Role. Retina specialist describing clinical grading criteria for diabetic retinopathy (DR) on color
fundus photography.

Classes (5).

1. No DR

2. Mild NPDR

3. Moderate NPDR

4. Severe NPDR

5. Proliferative DR (PDR)

Important constraints.

• Do NOT assign or predict a final class for this image.

• Output must be clinical findings only (no lay explanations).

• Do not hallucinate lesions. If not clearly visible, label “uncertain” or “not assessable”.

• If image quality/field of view prevents assessment of a criterion, explicitly state “not assessable”.

• No treatment, prognosis, or medical advice.

Prompt template.
1308
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Without Document RAG CoT Prompt (clinical only, no class prediction) (continued)

ROLE: You are a retina specialist describing clinical grading criteria for diabetic
retinopathy (DR) on color fundus photography.↪→

CLASSES (5):
1) No DR
2) Mild NPDR
3) Moderate NPDR
4) Severe NPDR
5) Proliferative DR (PDR)

IMPORTANT CONSTRAINTS:
Do NOT assign or predict a final class for this image.
Output must be clinical findings only (no lay explanations).
Do not hallucinate lesions. If not clearly visible, label "uncertain" or "not assessable".
If image quality/field of view prevents assessment of a criterion, explicitly state "not

assessable".↪→
No treatment, prognosis, or medical advice.

INPUT:
Disease: Diabetic Retinopathy (DR)
Image: (attached fundus photo)

TASK (think step by step internally, but DO NOT reveal private chain of thought):
1) Image adequacy: report focus, illumination, artifacts, and whether macula + optic disc +

quadrants are assessable.↪→
2) Extract ONLY observable findings in this image (lesion inventory):

Microaneurysms (MA)
Intraretinal hemorrhages (dot/blot/flame), approximate distribution by quadrant
Hard exudates (and proximity to fovea)
Cotton wool spots (CWS)
Venous beading (VB)
IRMA
Neovascularization (NVD/NVE)
Pre retinal hemorrhage / vitreous hemorrhage
Fibrovascular proliferation / tractional signs (if visible)

A) Required/defining findings for that class
B) Exclusion findings (what would rule it out or push to a different class)
C) For THIS image: mark each defining finding as one of:

Present
Absent
Uncertain
Not assessable

D) What additional confirmation a doctor would seek if uncertain (e.g., wider field, OCT
for DME, FA, repeat photo)↪→

GRADING ANCHORS (use clinically standard cues):
Mild NPDR: MA only.
Moderate NPDR: more than MA only but not severe; may have hemorrhages/exudates/CWS; mild

VB/IRMA possible.↪→
Severe NPDR: 4 2 1 rule (any one):

PDR: NVD/NVE and/or pre retinal/vitreous hemorrhage; fibrovascular proliferation.

1309
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Without Document RAG CoT Prompt (clinical only, no class prediction) (continued)

OUTPUT FORMAT (STRICT):
[Image Adequacy]
...

[Lesion Inventory (visible only)]
MA:
Hemorrhages:
Hard exudates:
CWS:
VB:
IRMA:
NVD/NVE:
Pre /vitreous hemorrhage:
Fibrovascular/tractional cues:

[Per Class Doctor Checklists (NO final grade)]
(Class 1) No DR

Defining findings:
Exclusions:
This image (present/absent/uncertain/not assessable):
Additional confirmation if needed:

(Class 2) Mild NPDR
...

(Class 3) Moderate NPDR
...

(Class 4) Severe NPDR
...

(Class 5) PDR
...

1310

Without Document RAG ,ToT Prompt (clinical only, branches, no class prediction)

Role. Retina specialist. Provide a per class clinical decision checklist for DR severity using a Tree
of Thought structure.

Constraints.

• Do NOT assign/predict a final class.

• Clinical criteria only. No lay language.

• No hallucination: if not clearly visible, mark “uncertain” or “not assessable”.

• No treatment/prognosis.

Prompt template.
1311
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Without Document RAG ,ToT Prompt (clinical only, branches, no class prediction) (continued)

ROLE: Retina specialist. Provide a per class clinical decision checklist for DR severity
using a Tree of Thought structure.↪→

CLASSES (5):
1) No DR
2) Mild NPDR
3) Moderate NPDR
4) Severe NPDR
5) PDR

CONSTRAINTS:
Do NOT assign/predict a final class.
Clinical criteria only. No lay language.
No hallucination: if not clearly visible, mark "uncertain" or "not assessable".
No treatment/prognosis.

INPUT:
Disease: DR
Image: (attached fundus photo)

TREE OF THOUGHT PROCEDURE:
Think in multiple branches internally, then output ONLY the structured branch summaries.

Step 1) Image adequacy: focus, illumination, artifacts, and coverage (macula, disc,
quadrants).↪→

Step 2) Lesion inventory (visible only): MA, hemorrhages (by quadrant), hard exudates (foveal
proximity),↪→

CWS, VB, IRMA, NVD/NVE, pre /vitreous hemorrhage, fibrovascular/tractional signs.

Step 3) Build 4 branches that cover all severity criteria, WITHOUT concluding a final class:
Branch A: "Red lesion burden" (MA + hemorrhages extent; quadrant distribution)
Branch B: "Ischemia markers" (CWS + VB + IRMA; explicitly map to 4 2 1 components)
Branch C: "Proliferation screen" (NVD/NVE; pre retinal/vitreous hemorrhage; fibrovascular

cues)↪→
Branch D: "Quality/confounders" (artifacts, blur, poor field; mimics)

Each branch outputs:
What findings are assessed (criteria)
For THIS image: present/absent/uncertain/not assessable
What additional evidence would be needed for confident assessment

Step 4) Convert branches into a per class checklist table (text only):
For each class (1 5):

Defining criteria (clinical)
"Image evidence status" for each criterion (present/absent/uncertain/not assessable)
Exclusion triggers (findings that would push to another class)
Additional confirmation if needed

OUTPUT FORMAT:
[Image Adequacy]
...
[Lesion Inventory]
...
[Branches]
(Branch A) ...
(Branch B) ...
(Branch C) ...
(Branch D) ...
[Per Class Clinical Checklists (NO final grade)]
Class 1 ...
Class 2 ...
Class 3 ...
Class 4 ...
Class 5 ...
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With Document RAG ToT Prompt (primary reference grounded; no class prediction)

Role. Retina specialist. Provide a per class clinical decision checklist for DR severity using a Tree
of Thought structure.

Evidence requirement (published reference document).

• Use the following clinically curated published reference as the PRIMARY source for per class
criteria and severity anchors:

• Shukla UV, Tripathy K. Diabetic Retinopathy. [Updated 2023 Aug 25]. In: StatPearls [Internet].
Treasure Island (FL): StatPearls Publishing; 2025 Jan . (NBK560805)

• If any criterion is not explicitly stated in the reference, label it as (supplemental) and keep it
minimal.

Prompt template.
1313

26



With Document RAG ToT Prompt (primary reference grounded; no class prediction) (contin-
ued)

ROLE: Retina specialist. Provide a per class clinical decision checklist for DR severity
using a Tree of Thought structure.↪→

EVIDENCE REQUIREMENT (PUBLISHED REFERENCE DOCUMENT):
Use the following proven, clinically curated published reference as the PRIMARY source for

the per class criteria and severity anchors:↪→
Shukla UV, Tripathy K. Diabetic Retinopathy. [Updated 2023 Aug 25]. In: StatPearls

[Internet].↪→
Treasure Island (FL): StatPearls Publishing; 2025 Jan . (NBK560805)
When producing each checklist item, prefer definitions explicitly stated in the reference

(e.g., International Clinical DR Severity Scale / ETDRS related definitions).
If you include any criterion not explicitly stated in the reference, label it

"(supplemental)" and keep it minimal.↪→

CLASSES (5):
1) No DR
2) Mild NPDR
3) Moderate NPDR
4) Severe NPDR
5) PDR

CONSTRAINTS:
Do NOT assign/predict a final class.
Clinical criteria only. No lay language.
No hallucination: if not clearly visible, mark "uncertain" or "not assessable".
No treatment/prognosis.

INPUT:
Disease: DR
Image: (attached fundus photo)
Reference: StatPearls NBK560805 (as above; assume it is available to you)

TREE OF THOUGHT PROCEDURE:
Think in multiple branches internally, then output ONLY the structured branch summaries.

Step 1) Image adequacy: focus, illumination, artifacts, and coverage (macula, disc,
quadrants).↪→

Step 2) Lesion inventory (visible only): MA, hemorrhages (by quadrant), hard exudates (foveal
proximity),↪→

CWS, VB, IRMA, NVD/NVE, pre /vitreous hemorrhage, fibrovascular/tractional signs.

Step 3) Build 4 branches that cover all severity criteria, WITHOUT concluding a final class:
Branch A: "Red lesion burden" (MA + hemorrhages extent; quadrant distribution)
Branch B: "Ischemia markers" (CWS + VB + IRMA; explicitly map to 4 2 1 components per

reference)↪→
Branch C: "Proliferation screen" (NVD/NVE; pre retinal/vitreous hemorrhage; fibrovascular

cues)↪→
Branch D: "Quality/confounders" (artifacts, blur, poor field; mimics)

Each branch outputs:
What findings are assessed (criteria; aligned to the reference)
For THIS image: present/absent/uncertain/not assessable
What additional evidence would be needed for confident assessment

Step 4) Convert branches into a per class checklist table (text only):
For each class (1 5):

Defining criteria (clinical; grounded in the reference)
"Image evidence status" for each criterion (present/absent/uncertain/not assessable)
Exclusion triggers (findings that would push to another class)
Additional confirmation if needed
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With Document RAG ToT Prompt (primary reference grounded; no class prediction) (contin-
ued)

OUTPUT FORMAT:
[Lesion Inventory]
...

[Branches]
(Branch A) ...
(Branch B) ...
(Branch C) ...
(Branch D) ...

[Per Class Doctor Checklists (NO final grade)]
(Class 1) No DR
.....

(Class 2) Mild NPDR
...

(Class 3) Moderate NPDR
...

(Class 4) Severe NPDR
...

(Class 5) PDR
...
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CDA Prompt (Block 1/3: Role + Parts A C; NO final grade)

Role & objectives.

ROLE: You are a Senior Retina Specialist + Causal Machine Learning Engineer. Your
objective is to:↪→

(1) decompose a fundus image into a structured, engineering ready feature set for a
Diabetic Retinopathy (DR) grading system,↪→

(2) output per class evidence using Binary Gates + Non Binary Gradients
(Excluded/Possible/Uncertain),↪→

(3) perform CDA style causal considerations for confounding and domain generalization,
(4) design a "tree of machines" (hierarchical classifiers) including BOTH knowledge

classifiers (rule based) and deep learning classifiers,↪→
(5) provide a coding ready implementation plan (schemas + module pipeline + node

interfaces) so the next agent can write code.↪→

DR CLASSES (5):
1) No DR
2) Mild NPDR (MA only)
3) Moderate NPDR (more than MA only; not Severe)
4) Severe NPDR (4 2 1 rule; no NV)
5) PDR (NV and/or pre /vitreous hemorrhage; fibrovascular/tractional signs)

NON NEGOTIABLE RULES:
DO NOT assign or predict a final class for this image.
DO NOT output "Class X", "final grade", or any single class decision.
Every class outcome must be expressed as: EXCLUDED / POSSIBLE / UNCERTAIN.
All gates/nodes must output: True / False / Unknown (never a final grade).
Output must be clinical + technical only (no lay language).
Do not hallucinate lesions. If unclear due to blur/FOV/artifacts, label "Uncertain"

or "Not Assessable".↪→
If the field of view prevents assessing a criterion, explicitly state "Not

Assessable".↪→
No treatment/prognosis/advice.
Follow the internal reasoning path, but DO NOT reveal chain of thought. Output only

the structured sections below.↪→
Precision rule: if a lesion is ~70% likely but blurry, mark it "Uncertain".

INTERNAL REASONING PATH (DO INTERNALLY, DO NOT OUTPUT):
1) Visual Evidence Extraction: Scan the image for 5 class anchors; visible vs obscured.
2) Differential Logic: For each class, decide strict exclusions (Binary Gate) vs

insufficient separation (Non Binary Gradient).↪→
3) System Requirements: What must the system measure to automate this?
4) Tree of Machines Planning: Hierarchical binary/multiclass gates using knowledge

rules + feature ML + deep models.↪→

INPUT:
Disease: Diabetic Retinopathy (DR)
Image: (attached fundus photo)
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CDA Prompt (Block 1/3: Role + Parts A C; NO final grade) (continued)

Structured output spec (Parts A to C).

========================================================
PART A: LESION INVENTORY (VISIBLE ONLY)
========================================================
A1) Image Adequacy (STRICT):

focus: Good/Fair/Poor
illumination: Good/Fair/Poor
artifacts: [list]
peripheral_visibility/FOV: Adequate/Limited
quadrant_assessability: {Q1: Assessable/NotAssessable, Q2:..., Q3:..., Q4:...}
disc_visible: Yes/No/Uncertain
macula_visible: Yes/No/Uncertain

A2) Findings (status belong {Present, Absent, Uncertain, NotAssessable}; include 1 line
note each):↪→
MA:
Hemorrhages (dot/blot/flame):
Hard Exudates (HE) + fovea proximity:
Cotton Wool Spots (CWS):
Venous Beading (VB):
IRMA:
Neovascularization (NV: NVD/NVE):
Pre retinal / vitreous hemorrhage:
Fibrovascular / tractional signs:

========================================================
PART B: PER CLASS IMPORTANT FEATURE SET
========================================================
For each Class 1 5 provide:
B1) Key Distinguishing Features (minimum clinical requirements)
B2) Must Quantify (presence vs count vs quadrant distribution vs disc/macula/fovea

location)↪→
B3) Upgrade Trigger (single finding that moves into this class or above)
B4) Minimum machine observable signals required (what detectors/segmenters must output)

========================================================
PART C: PER CLASS REASONING (BINARY + NON BINARY)
========================================================
For each Class 1 5 output:

C1) Binary Gates (hard checks; gate_status {True, False, Unknown}):
Provide 3 6 gates per class.
Each gate must include:
{gate_name, gate_definition, required_inputs, gate_status_for_this_image,

evidence_from_PartA}↪→

C2) Non Binary Gradients (graded signals; level {Low, Medium, High} or numeric):
Provide 3 6 signals per class:
{signal_name, definition, required_inputs, level_for_this_image, evidence_from_PartA}

C3) Status for this class (REQUIRED; NOT a final grade):
status_for_this_class: EXCLUDED / POSSIBLE / UNCERTAIN
explanation: 2 4 bullets referencing C1/C2 and assessability limits
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CDA Prompt (Block 2/3: Parts D to E; NO final grade)

========================================================
PART D: KNOWLEDGE SUFFICIENCY TEST
========================================================
For each Class 1 5:

sufficiency: Sufficient / PartiallySufficient / Insufficient
why: 2 4 bullets (must cite missing quadrants/blur/artifacts if relevant)
missing_information: [exact missing counts/locations/visibility]
recommended_additional_imaging/tests:
UWF/Wide field (purpose)
FA (purpose: IRMA vs NV; leakage; nonperfusion)
OCT (purpose: macular edema evaluation if relevant to feature extraction; note not

equivalent to DR class)↪→

========================================================
PART E: CAUSAL DISCOVERY DECISION (CDA)
========================================================
E1) Confounders & measurement variables:

camera_type, site, illumination, blur, FOV, compression, artifact_presence, grader_noise
E2) Causal goal:

Ensure model learns Lesion to Grade rather than ImageQuality/Camera to Grade
E3) Decision:

causal_ml: NOT_NEEDED / OPTIONAL / RECOMMENDED
justification: 3 6 bullets tied to Part A limitations and domain shift risks

E4) Minimal text DAG (nodes + arrows):
U(systemic severity) to L(lesions) to S(severity)
Q(measurement: blur/illum/FOV/camera) to Y(pixels)
L to Y
Q masks L (missingness/measurement error)
grader_noise → labels
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CDA Prompt (Block 3/3: Parts F G; NO final grade)

========================================================
PART F: CODING PLAN & LOGIC ENGINE (ENGINEERING READY)
========================================================
F1) Data Schemas (JSON like; MUST use exact field names):
QualityReport:
{illumination_score: float, blur_score: float, fov_score: float, artifact_flags: [str],
quadrant_visibility: {Q1: bool, Q2: bool, Q3: bool, Q4: bool}}

Anatomy:
{disc_center: [x,y]|null, fovea_center: [x,y]|null, disc_visible: bool, macula_visible: bool,
quadrant_masks: {Q1: ..., Q2: ..., Q3: ..., Q4: ...}}

LesionDetections:
{MA: [{x: float, y: float, conf: float}],
IRH: [{bbox: [x1,y1,x2,y2], subtype: "dot"|"blot"|"flame"|"unknown", conf: float}],
HE: [{mask_or_bbox: ..., area_px: float, conf: float}],
CWS: [{bbox_or_mask: ..., conf: float}],
VB: [{segment_id: str, score: float, conf: float}],
IRMA: [{bbox_or_mask: ..., conf: float}],
NV: [{type: "NVD"|"NVE"|"unknown", bbox_or_mask: ..., conf: float}],
PR_VH: [{bbox_or_mask: ..., conf: float}]}

DerivedFeatures:
{MA_count_total: int, IRH_count_total: int, HE_area_total: float,
MA_by_quadrant: {Q1: int, Q2: int, Q3: int, Q4: int, not_assessable: bool},
IRH_by_quadrant: {Q1: int, Q2: int, Q3: int, Q4: int, not_assessable: bool},
VB_quadrants: int|"not_assessable", IRMA_quadrants: int|"not_assessable",
severe_421_flags: {heme_4q: bool|"not_assessable", vb_2q: bool|"not_assessable", irma_1q:

bool|"not_assessable"},↪→
pdr_flags: {nv_present: bool|"not_assessable", pr_vh_present: bool|"not_assessable"}}

EvidenceChecklistPerClass:
{class_id: int,
binary_gates: [{gate_name: str, status: "True"|"False"|"Unknown", evidence: str}],
nonbinary_signals: [{signal_name: str, level: "Low"|"Medium"|"High"|float, evidence: str}],
status: "EXCLUDED"|"POSSIBLE"|"UNCERTAIN",
notes: [str]}

F2) Module Pipeline (M1 M7; include inputs→outputs→method):
M1 preprocess(image) >img_norm
M2 quality(img_norm) >QualityReport
M3 anatomy(img_norm) >Anatomy
M4 quadrant_map(Anatomy) >quadrant_masks + quadrant_visibility
M5 lesions(img_norm,Anatomy) >LesionDetections
M6 aggregate(LesionDetections,QualityReport,Anatomy) >DerivedFeatures
M7 logic_engine(DerivedFeatures,LesionDetections,QualityReport)

>EvidenceChecklistPerClass[1..5]↪→
(IMPORTANT: M7 outputs only per class statuses; never a final grade.)

F3) Pseudocode (MUST NOT RETURN A CLASS):
pipeline_infer(image) > {QualityReport, Anatomy, LesionDetections, DerivedFeatures,

EvidenceChecklistPerClass}↪→
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CDA Prompt (Block 3/3: Parts F G; NO final grade) (continued)

========================================================
PART G: TREE OF MACHINES PLAN (HIERARCHICAL CLASSIFIERS)
========================================================
Goal: Build a hierarchy of "machines" where each node can be implemented as:
(1) Knowledge classifier (rule gate from DerivedFeatures) and
(2) Learning classifier (feature ML and/or deep model),
and outputs only gate decisions (True/False/Unknown), never a final class.

G0) Planning Steps (MUST INCLUDE):
1) Define node targets (binary/ternary/multiclass) aligned with clinical anchors:

NoDR vs AnyDR
PDR vs not PDR
Severe (4 2 1) vs not Severe
Mild (MA only) vs More than mild
Moderate consistency check (optional)

2) For each node, define:
required features + assessability prerequisites
Unknown conditions (when data insufficient)
knowledge rule version
learning version (feature ML + deep)

3) Decide training data needs per node:
image level labels sufficient? or lesion level annotations required?

4) Decide calibration:
thresholds to output Unknown under poor quality/low confidence

5) Compose node orchestration:
run nodes in order, aggregate node outputs to EvidenceChecklistPerClass only (no final

grade)↪→

G1) Decision Tree Topology Table (REQUIRED): (include the specified columns)
G2) Node interfaces (coding ready):
node_k(derived_features, quality_report, lesions) >{decision, confidence, unknown_reason,

evidence_used}↪→
run_tree(image)

>{QualityReport,DerivedFeatures,EvidenceChecklistPerClass,node_outputs,uncertainty_report}↪→
(IMPORTANT: run_tree MUST NOT output a final grade.)

========================================================
OUTPUT FORMAT REQUIREMENTS:

Use tables for Part E3 and Part G1.
Use structured lists for schemas and modules.
Do NOT output a final grade.

========================================================
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