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DeepRoot: A KG-Coordinated Multi-Agent System for Therapeutic Reasoning
over Historical Medical Texts
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Abstract

Historical medical archives and traditional
medicines hold immense potential for drug discov-
ery and remain a primary source for current drug
development. However, pre-ontological prose and
idiosyncratic taxonomies prevent the standard-
ization and medical modernization of the data
for use in current biomedical pipelines. Further-
more, no existing LLM agent system, whether
tool-calling, retrieval-augmented, or agentic deep-
research, can convert such text into verifiable
drug-discovery leads at scale. We close this gap
with DeepRoot, a multi-agent LLM system that
jointly builds and utilizes a verified knowledge
graph, showing that grounding and reasoning—
often conflated—are separable axes the system
can compose for therapeutic reasoning. Applied
to the Shen Nong Ben Cao Jing, DeepRoot re-
covers 10 of 21 held-out compound–disease treat-
ment pairs at R@20 (47.6% vs. 4.8% for a raw
corpus LLM and ∼ 2.4%random) and domi-
nates an LLM-as-judge audit for reasoning qual-
ity over baseline LLMs and LLMs with direct
tool-call access to the same APIs DeepRoot itself
queries. Tool-using LLMs—including Biomni,
a specialized biomedical agent—hallucinate evi-
dence on 87% of claims, versus 7–10% for Deep-
Root. Graph-only inference hallucinates 0% but
ranks lowest on reasoning coherence; DeepRoot
KG + LLM is the only condition to win on both
axes, pointing toward a route for systematic min-
ing and repurposing of historical medical knowl-
edge.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.
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1. Introduction
Natural products—chemical compounds synthesized by liv-
ing organisms—remain the leading source of approved
drugs and provide scaffolds for developing more potent
derivatives (Newman & Cragg, 2020; Koehn, 2012). Many
natural products have been uncovered through mining tradi-
tional medicines, including morphine from opium poppies
and the antimalarial artemisinin, with the latter isolated by
Tu Youyou after consulting a 4th-century Chinese medical
text (Tu, 2011; Brook et al., 2017).

Recent ML, DL, and LLM approaches mine traditional Chi-
nese medicine corpora at scale but treat the text as flat input—
classifying, retrieving, or summarizing without a reasoning
trace grounded in verified biological evidence or mechanism
ontologies (Li et al., 2024; Hui et al., 2020; Liu et al., 2025;
Dai et al., 2024). In parallel, multi-agent LLM systems
leverage a shared knowledge graph (KG) for coordinated
reasoning (Ghafarollahi & Buehler, 2025; Rasmussen et al.,
2025), but only qualitatively: they neither ablate the graph
against agent decomposition, nor evaluate on the regimes
we target—historical clinical cases where traditional text
lacks clean ontological anchors, and discovery problems
with sparse ground truth.

Building on these advances, we introduce DeepRoot, a
multi-agent LLM pipeline where agents collectively con-
struct and reason over a shared KG (Neo4j). Specifically,
DeepRoot Assembly populates the knowledge graph via
seven specialized agents that combine LLM canonical-
ization with strict verification against curated biomedical
databases. DeepRoot Discovery then employs critic and
discovery agents to evaluate therapeutic claims and identify
potential therapeutic natural products by tracing causal path-
ways from chemical compounds to biological targets and
the diseases they address, all grounded in the KG (Figure 1).

2. Methods and KG construction
2.1. Dataset and grounding sources

Corpus. We evaluate on the Shen Nong Ben Cao Jing
materia medica, segmented into 71 chunks. The corpus
catalogues plants, animals, and minerals (sources) together
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Figure 1. Schematic of DeepRoot. Graph nodes and edges are
represented by rounded rectangles and black arrows. Gray arrows
indicate creation of specific nodes and edges by particular agents.

with traditional maladies, preparation methods, and claimed
therapeutic uses.

External grounding. Every entity is verified against curated
biomedical databases. Sources are linked to compounds
via COCONUT (Chandrasekhar et al., 2025) (natural prod-
ucts) and PubChem (Kim et al., 2023) (chemicals); com-
pounds are linked to molecular targets and clinical indica-
tions via ChEMBL (Mendez et al., 2019); protein targets are
linked to diseases via Open Targets (Ochoa et al., 2021), and
pathogenic-organism targets via NCBI Taxonomy (Schoch
et al., 2020) with OLS4 (McLaughlin et al., 2025). Modern
disease nodes are anchored to ICD-10, MeSH, SNOMED,
MONDO, and DOID identifiers via NLM and EBI lookup
services.

2.2. Knowledge graph schema

The graph has six node types and seven edge types (Fig-
ure 1). A therapeutic claim is verifiable when its mechanistic
loop closes: a Source treats a Traditional Malady
that maps to a Modern Disease; the source
contains a Chemical Compound that targets a
Biological Target which itself relates to that same
Modern Disease. Identity for compounds is the
RDKit-computed InChIKey and identity for targets is the
curated ChEMBL ID, so equivalent entities arriving from
different routes collapse onto the same node. Full schema
with property-level constraints is in Appendix A.1.

Assembly. Seven specialized agents populate the graph
in dependency order: an extractor emits Source, Malady,
and Preparation nodes from raw text; an auditor canoni-
calizes sources and archives evidence spans that fail sub-
string verification against their source chunk; three linkers
ground audited entities to compounds, molecular targets,
and target-to-disease associations using the databases above;
a malady-to-disease mapper follows a generate-then-verify

protocol in which LLMs propose canonical names and on-
tology codes are recovered only by tolerant exact match,
eliminating the common failure mode of hallucinated iden-
tifiers; and a reviewer archives orphans and off-domain
entities.

Resulting graph. On Shen Nong Ben Cao Jing, As-
sembly yields 21,111 active nodes (415 sources, 294
maladies, 129 modern diseases, 18,012 compounds,
2,211 targets, 50 preparations) and 52,467 active edges
(32,909 IS EXTRACTED FROM, 16,696 TARGETS, 1,841
RELATES TO, 431 TREATS TRADITIONALLY, 257
MAPS TO, 301 KNOWN TREATS, 32 PREPARED AS). A
visual example of nodes originating from a single extracted
source is presented in Figure 3.

3. Results
3.1. Knowledge-graph ablation: edge perturbation tests

structural dependence

First, to verify that DeepRoot Discovery genuinely relies on
graph structure, we progressively shuffled the graph edges
and tasked the critic agent with evaluating 30 extracted
closed-loop source–malady claims. As expected, the Critic’s
self-confidence in the therapeutic plausibility of the source
based on the text decreases as edge perturbation increases,
demonstrating responsiveness to the KG’s integrity (Fig-
ure 2A). Around 50% perturbation, the critic’s confidence
converges with the raw LLM baseline, suggesting that the
KG signal has been degraded enough that the critic behaves
similarly to an LLM without structured graph support. Fur-
thermore, past 50%, the score continues to decrease to 0.30,
reflecting KG-dependent scoring.

3.2. KG-guided recovery of mechanistically supported
candidates

Next, we tested whether DeepRoot can use the KG to re-
cover mechanistically grounded candidates from noisy his-
torical text. For this, we synthesized evaluation cases by
selecting sets of 3 closed-loop and 7 non-closed-loop dis-
tractor sources. The associated paragraphs of those sources
were then interweaved into a mini-corpus and fed to dif-
ferent models to rank the sources and candidate chemical
compounds (Figure 2B). We report source recall@3, com-
pound recall@10 (the fraction of closed-loop compounds
recovered within the top-10 candidates), and mean self-
confidence (0–1) related to the therapeutic plausibility of
candidate compounds. Because each passage may con-
tain ∼ 500 compounds, compound recall@10 directly tests
whether KG-grounded scoring concentrates the likely leads.

Over 30 mini-corpora, DeepRoot Discovery outperforms
the LLM baseline, achieving 1.95× higher source recall and
6.11× higher compound recall (Figure 2B). Surprisingly,
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Figure 2. (A) Critic agent self-reported confidence for the therapeutic plausibility of each source-text pair vs. KG edge-shuffle fraction
(n=30 source-text pairs). (B) Source-and-compound recovery of DeepRoot Discovery, LLM baseline (both using Gemini3.1 Flash Lite),
and Biomni/Phylo. *Batch evaluation of mini-corpora. Candidate discovery self-confidence refers to the mean self-reported confidence in
each model’s proposed compound candidates per mini-corpus (n=30 minicorpora).

the biomedical reasoning agent Biomni (Huang et al., 2025)
performed similarly to the LLM baseline even though we
allotted it creative liberty to deploy sub-agents for investi-
gation and access to ChEMBL, OpenTargets, and PubMed
databases. We also do not achieve perfect recovery de-
spite DeepRoot Discovery being theoretically capable of
back-traversing the KG; we attribute this gap to our evalu-
ation framing as an inference task (Edwards & Camacho-
Collados, 2024). Nevertheless, the recall and F1 gains vali-
date that KG augmentation meaningfully enhances parsing
and ranking. Notably, both the LLM baseline and Biomni
overstates therapeutic relevance, with a self-confidence of
0.87, 0.80 respectively, versus DeepRoot Discovery’s 0.48,
which closely aligns with the latter’s source recall@3 of 0.41
(Figure 2A). This alignment suggests that self-confidence in
a KG-augmented system is effectively bounded by retrieval
accuracy. In contrast, the other modalities demonstrated
high self-confidence hallucinations, which is a phenomenon
previously reported for both LLMs and agents (Lin et al.,
2022; Wei et al., 2023; Lin et al., 2025). Collectively with
the KG ablation study, we establish that the KG contributes
meaningfully to the reasoning capabilities of an underlying
LLM.

3.3. Blind rediscovery of held-out validated treatments

Whereas Section 3.2 tested whether DeepRoot surfaces
mechanistically grounded candidates—compounds for
which the graph itself closes a compound→target→disease
loop—this experiment tests the complementary, harder ques-
tion: can the system blind-rediscover empirically validated
compound–disease treatments after we hide them? Con-
cretely, for each held-out pair (a KNOWN TREATS edge
sourced from ChEMBL clinical indications) we delete the
edge and all stereochemical siblings (planar-InChIKey pre-

Table 1. Held-out KNOWN TREATS recovery on 21 historically
reachable ChEMBL indication pairs. R@k in %, MRR unitless;
higher is better for all metrics.

Method R@1 R@5 R@10 R@20 MRR

DeepRoot Discovery 9.5 28.6 33.3 47.6 0.161
Raw-corpus LLM 0.0 4.8 4.8 4.8 0.012

fix) from the validator, then ask DeepRoot Discovery to
re-rank candidates for the disease. We evaluate on a 21-pair
historical set, and compare against a raw-corpus LLM given
the full Shen Nong Ben Cao Jing and asked to rank the same
top-K. (Table 1)

The DeepRoot Discovery recovers 10 of 21 held-out pairs
in the top 20 (R@20 = 47.6%), compared with 1 of 21 for
the raw-corpus LLM baseline (R@20 = 4.8%). Per-disease
candidate pools span 87–1,954 compounds (median 835),
so random R@20 ≈ 2.4%, suggesting that the result is far
above random retrieval. The baseline’s only recovery is
calcium carbonate for gastroesophageal reflux disease, a
non-receptor-mediated antacid case that the graph under-
ranks because it lacks a target-mediated mechanistic chain.

3.4. Benchmarking DeepRoot’s therapeutic reasoning
against diverse baselines

We audit critic-agent outputs with an independent LLM
judge (Claude Sonnet 4.6, cross-family from the graded
systems) on 30 stratified source–malady claims across seven
conditions (Table 2): the DeepRoot Discovery at three LLM
tiers (Gemini 3.1 Pro / 2.5 Flash / 3.1 Flash Lite), a graph-
only baseline (no LLM), an LLM-only baseline given corpus
passages, the Biomni biomedical agent (Huang et al., 2025)
with its reported 150+ specialized tools and 59 databases,
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Table 2. Reasoning-quality evaluation: seven conditions graded by Claude Sonnet 4.6 over a stratified sample of 30 source→malady
claims. ⋆Biomni was evaluated in batch mode, processing all 30 cases in a single invocation. Scores are means on [1, 5]; Hallu. is the rate
of the judge’s hallucinated evidence flag in [0, 1]. Bold = best per column.

System Components Overall↑ EF↑ VA↑ RC↑ CM↑ UC↑ AC↑ Hallu.↓
DeepRoot — Gemini 3.1 Pro graph + LLM 3.83 4.53 4.47 3.97 4.07 3.73 3.67 0.10
DeepRoot — Gemini 2.5 Flash graph + LLM 3.77 4.67 4.37 3.83 3.63 3.57 3.63 0.07
DeepRoot — Gemini 3.1 Flash Lite graph + LLM 3.70 4.60 4.27 3.73 3.70 3.60 3.67 0.07

Graph-only graph, no LLM 3.55 4.55 4.55 2.69 3.21 3.31 2.93 0.00
Text + LLM (Gemini 3.1 Flash Lite) corpus passages + LLM 3.17 3.10 2.80 3.47 3.67 3.27 3.17 0.13
Tool-call + LLM (Gemini 3.1 Flash Lite) ChEMBL/OT/PubMed/MeSH 2.47 2.30 2.97 2.80 3.30 2.63 2.70 0.87
Biomni / Phylo ⋆ agent env (tool-call+DBs) 2.87 1.97 3.00 3.30 4.03 3.33 3.63 0.87

EF: evidence fidelity; VA: verdict alignment; RC: reasoning coherence; CM: clinical mapping; UC: uncertainty calibration; AC:
actionability; Hallu.: hallucination rate.

and a tool-call LLM with direct access to the same APIs
(ChEMBL, Open Targets, PubMed, MeSH) that DeepRoot
Assembly itself queries. The judge scores six dimensions
on [1, 5] and flags hallucinated evidence per claim.

All three KG-augmented configurations outperform every
baseline on overall score; even DeepRoot–Lite (3.70) ex-
ceeds the graph-only condition (3.55), Biomni (2.87), and
the tool-call LLM (2.47). The contrast highlights a tradeoff
between grounding and synthesis. Biomni and the tool-call
agent both trigger the judge’s hallucinated-evidence flag on
87% of claims, despite Biomni’s access to a much more
extensive and biomedical-specialized agent environment.
In contrast, graph-only produces no hallucinated evidence
by construction, but has the weakest reasoning coherence
(2.69). KG-augmented LLMs occupy the favorable middle
ground: low hallucination rates (7–10%) while preserving
the reasoning and synthesis capacity missing from graph-
only scoring.

3.5. Qualitative human-expert evaluation of the critic
agent

Five example responses from the critic agent and baseline
LLM, each evaluating the therapeutic plausibility of a single
source–malady pair, are provided in Appendix A.10. We
include comments that highlight notable statements from
each response.

4. Discussion and Conclusion
DeepRoot shows that historical materia medica can be con-
verted from pre-ontological prose into an auditable biomed-
ical knowledge graph that supports mechanistic therapeu-
tic reasoning. On the Shen Nong Ben Cao Jing, this con-
struction pass enables held-out treatment recovery and sub-
stantially lower hallucinated-evidence rates than LLM-only,
tool-calling, and biomedical-agent baselines; with broader
historical corpora, the same framework could support larger-
scale drug repurposing, de novo therapeutic candidate nomi-

nation, and prioritization of experimentally testable natural-
product hypotheses.

It is also important to highlight the gap between DeepRoot
(LLM + KG) and LLMs or agents given direct access to the
same biomedical APIs. Our results suggest that building
a verified knowledge graph suppresses hallucination in a
way that querying those resources at inference time does
not. We observe this failure even with Biomni: despite its
richer biomedical-agent environment, it exhibits the same
hallucinated-evidence rate as the tool-call LLM and substan-
tially lower reasoning-quality scores than DeepRoot. This
suggests that for historical corpora whose entities, indica-
tions, and disease concepts predate modern ontologies, the
difficult step is not merely retrieving biomedical facts; it is
first canonicalizing the source material into stable entities
and auditable relations. The same pattern may transfer to
other historical materia medica, including Ayurvedic and
broader ethnopharmacological archives, as well as struc-
tured ranking problems beyond traditional medicine. In
these settings, an agentically constructed KG offers the addi-
tional advantage that new curated claims, user submissions,
and external evidence can be incorporated over time, ex-
panding coverage while preserving traceability for future
candidate ranking.

Limitations. (i) Corpus: a single 71-chunk materia
medica; transfer to other historical corpora is unverified.
(ii) Sample size: the held-out slice is N = 21 pairs, single
seed, no bootstrap CIs. (iii) Priors: flat, face-validity, un-
calibrated (Appendix A.5). (iv) Coverage: Open Targets
is human-disease-only, leaving non-modern indications un-
scored. (v) DeepRoot Discovery reasoning: rationale quality
is bounded by the underlying LLM. (vi) Comparasion eva-
lutions with other LLM modalities: we did not optimize
the gain from prompt engineering inputs to the LLMs and
Biomni, but previous studies have demonstrated that such in-
terventions seldom provide substantial improvements (Qian
et al., 2024; Wu et al., 2024).
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Impact Statement
DeepRoot is a research tool for hypothesis generation, not
medical advice. By converting historical materia medica
into auditable source–compound–target–disease chains, it
may help researchers prioritize natural-product candidates
for experimental follow-up and drug repurposing.

The main risks are overinterpretation, unsafe self-
medication, and misuse of traditional knowledge. Histori-
cal claims may be ineffective, toxic, or culturally specific,
and graph-supported plausibility does not establish safety
or efficacy. Any downstream use requires expert review,
provenance tracking, toxicity assessment, and experimental
validation.
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A. Technical appendices and supplementary material
A.1. Knowledge graph schema

Edge types. Seven typed edges, each carrying a numeric confidence score (flat prior, see Appendix A.5), an
evidence type tag (see Appendix A.6), and a source db provenance field where applicable.

• TREATS TRADITIONALLY (Source→ Traditional Malady): evidence span quoted from the source chunk text.

• MAPS TO (Traditional Malady → Modern Disease): is primary, mapping role ∈ {primary, syn-
drome component}, mapping source ∈ {gemini+icd10 exact, gemini+mesh exact, gemini+snomed exact, gem-
ini unverified}, mapping alternatives (JSON).

• IS EXTRACTED FROM (Chemical Compound→ Source): evidence type encodes COCONUT/PubChem provenance
and resolution level (canonical vs. alias vs. formula).

• TARGETS (Chemical Compound → Biological Target): pchembl score, assay id, assay type ∈ {B, F},
assay description, mechanism action.

• RELATES TO (Biological Target→Modern Disease): ot overall score, match tier ∈ {efo id, mondo id,
doid id, mesh id, norm name}.

• KNOWN TREATS (Chemical Compound→Modern Disease): clinical phase ∈ {1, 2, 3, 4}, materialized from
ChEMBL drug indications; held-out evaluation slice (§3.3).

• PREPARED AS (Source→ Preparation Method).

Identity and write semantics. All writes are idempotent MERGE-on-identity. Compound identity is the RDKit-computed
InChIKey, which is invariant to canonical-SMILES variants and to naming differences across COCONUT and PubChem.
Target identity is the ChEMBL ID, which unifies SINGLE PROTEIN, PROTEIN COMPLEX, PROTEIN FAMILY, and
ORGANISM target types under one key. Modern disease identity is the canonical name, with ontology codes coalesce-
backfilled as later agents verify them against additional services.

Figure 3. Example of a node cluster in Neo4j.
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Table 3. Complete node schema for the DeepRoot knowledge graph.

Node Property Description

Source

name Canonical Latin binomial or common name (primary key)
aliases Alternative names from source text
evidence span Verbatim passage from which the node was extracted
source document Origin corpus file identifier
canonical name Auditor-resolved canonical name
canonical type Taxonomic category (herb, mineral, animal, fungus, . . . )
canonical part Plant/animal part used (root, bark, seed, whole, . . . )
canonical source Database used to resolve canonical form
canonical raw response Raw LLM response from canonicalization step
linker status Compound-linker outcome (ok, skipped, failed)
linker attempted at ISO timestamp of last linker run
linker compound count Number of compounds linked from this source
linker evidence type Evidence type used (coconut, chembl)

Chemical Compound

name IUPAC or common compound name (primary key)
smiles Canonical SMILES string
inchikey Standard InChIKey identifier
molecular formula Molecular formula (e.g. C21H23NO4)
np likeness Natural-product likeness score from COCONUT (−5 to +5)
annotation level Structural confidence tier (1 = MS2 confirmed, 5 = predicted)
source db Source database (COCONUT, ChEMBL, . . . )
coconut row COCONUT row index for traceability
pubchem cid PubChem Compound ID
target linker status ChEMBL target-linker outcome
linker attempted at ISO timestamp of target-linker run
linker chembl id ChEMBL molecule ID used for target lookup
linker lookup method Match method (inchikey, smiles, name)
linker target count Targets written after filtering
linker dropped count Targets dropped below pChEMBL floor
linker pchembl floor pChEMBL activity threshold applied
linker max targets Cap on targets written per compound
kt linker status KNOWN TREATS linker outcome
kt linker attempted at ISO timestamp of KNOWN TREATS linker run
kt linker indication count Drug indications written
kt linker dropped count Indications dropped below phase threshold
kt linker min phase Minimum clinical trial phase accepted

Biological Target

name Target protein name (primary key)
target pref name ChEMBL preferred target name
gene symbol HGNC gene symbol
uniprot id UniProt accession
target chembl id ChEMBL target identifier
target type Target class (SINGLE PROTEIN, PROTEIN COMPLEX, . . . )
ncbi tax id NCBI taxonomy ID of the target organism
td linker status Target-disease linker outcome
td linker attempted at ISO timestamp of target-disease linker run
td linker association count Disease associations written
td linker dropped count Associations dropped below score threshold
td linker min score Open Targets association score floor applied

Continued on next page
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Table 3 (continued)

Node Property Description

Modern Disease

name Disease name (primary key)
doid id Disease Ontology identifier
mondo id MONDO disease ontology identifier
mesh id MeSH descriptor
efo id Experimental Factor Ontology (EFO) identifier
icd10 code ICD-10 classification code
snomed id SNOMED CT concept identifier
verified by Agent or curator that confirmed the mapping

Traditional Malady

name TCM ailment name (primary key)
description Classical definition from source text
evidence span Verbatim passage supporting the malady
source document Origin corpus file identifier
mapper status Malady-to-disease mapper outcome
mapper classification Ontology mapping confidence class
mapper attempted at ISO timestamp of mapper run
mapper raw response Raw LLM response from mapping step
archived Reviewer flag: duplicate or low-quality node
archive reason Free-text reason for archiving
reviewed by Reviewer agent identifier

Preparation Method
name Preparation name (decoction, pill, powder, . . . )
route Administration route (oral, topical, inhaled, . . . )
evidence span Verbatim passage describing the preparation

A.2. Assembly agent protocols

Table 4. The seven DeepRoot Assembly agents in dependency order. Each agent combines LLM proposal with deterministic verification
against the listed grounding source.

# Agent Role Grounding source

i Extraction emit Source / Malady / Preparation;
TREATS, PREPARED AS

—

ii Auditor canonicalize; verify evidence spans;
merge duplicates

COCONUT,
PubChem

iii Malady→Disease generate-then-verify ontology mapping
(MAPS TO)

MeSH, ICD-10,
SNOMED

iv Source→Compound natural-product / chemical lookup
(IS EXTRACTED FROM)

COCONUT,
PubChem

v Compound→Target molecular targets and bioactivities
(TARGETS)

ChEMBL

vi Target→Disease mechanism-to-disease, dispatched on
target type (RELATES TO)

Open Targets,
NCBI Tax, OLS4

vii Reviewer rules + LLM archival pass (orphans,
OCR artifacts, off-domain entities)

—
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Extraction. A Gemini call per text chunk emits Source nodes with aliases and species hints, Traditional Malady
nodes with descriptions, Preparation Method nodes, and the TREATS TRADITIONALLY and PREPARED AS edges
among them. Each edge records the literal evidence span from the source chunk. Confidence is the LLM’s self-assessed
score, used only as a soft signal for downstream auditing (the auditor verifies span and identity independently).

Auditor. Three deterministic post-extraction jobs. (1) Canonicalization. Gemini Flash-Lite (temperature 0, batched
20 sources/call, structured-JSON schema) labels each source organism (Latin binomial + part), chemical (name or
formula), or uncanonicalized. Per-type external lookup verifies: organisms hit a local COCONUT inverted index over
62,792 species keys, chemicals hit PubChem REST. Canonical labels with external-DB hits are tagged gemini+coconut
/ gemini+pubchem; the rest are tagged gemini unverified *, uncanonicalized, or error. (2) Source merge.
Sources sharing the same (canonical name,canonical part) collapse onto a keeper (highest-degree, alphabetical
tiebreak). Merged-from nodes are soft-archived with reason merged into:<keeper>; outgoing edges are re-targeted
(parallel edges take maximum confidence) and aliases are unioned. (3) Evidence-span verification. Substring check
(whitespace-normalized) of every TREATS TRADITIONALLY evidence span against its source chunk. Hallucinated spans
(typically LLM-introduced ellipsis) trigger soft-archival with reason hallucinated evidence.

Malady→Disease (generate-then-verify). One Gemini call per malady (temperature 0, six-shot system prompt) emits
a typed exit: disease, symptom, syndrome, ambiguous, or tcm no equivalent. Crucially, the LLM emits
canonical names only—never codes—together with an ontology hint. Each proposed name is then verified in parallel against
ICD-10 (NLM Clinical Tables), MeSH (NLM RDF Lookup), and SNOMED (EBI OLS4). Verification accepts only tolerant
exact match (case- and punctuation-insensitive); fuzzy hits, even from the API itself, are rejected. Syndromes can produce
one primary plus up to two syndrome component edges, but only components that pass exact-match verification are
written (unverified components are dropped and logged in the primary edge’s mapping alternatives). Default mode
rejects unverified mappings entirely; an --allow-unverified flag stores them with requires review=true and
a degraded prior.

Source→Compound. Routes by canonical type. Organisms hit a local COCONUT inverted index (in-
memory, ∼700,000 structures with species provenance) by exact normalized species name and the “first two to-
kens” (genus species) prefix. Chemicals hit a disk-cached PubChem REST client (4 RPS), with formula fallback via
compound/fastformula for formula-shaped canonicals. Compound identity is the RDKit-computed InChIKey from
canonical SMILES, which collapses canonicalization variants and unifies COCONUT/PubChem name splits onto a sin-
gle node. Edges are written with evidence type encoding the resolution path (coconut organism canonical,
pubchem chemical canonical, alias, formula, unverified). Per-source linker status stamping makes the agent
fully resumable across network interruptions.

Compound→Target. ChEMBL queries by InChIKey (91.4% resolution rate), falling back to canonical SMILES then pre-
ferred name. For each resolved compound, the agent retrieves mechanism-of-action records and bioactivity records. Activity
filtering: pchembl value ≥ 5.0 (10µM floor) for quantitative tier, assay type ∈ {B,F}, standard relation
∈ {=,∼}; data validity flags must be empty. Target type is not restricted to SINGLE PROTEIN: PROTEIN COMPLEX
(subunit fan-out), PROTEIN FAMILY (broad-spectrum inhibitors), and ORGANISM (anti-pathogen evidence, e.g. Plasmod-
ium falciparum for antimalarials) are all admitted. A --include-phenotypic flag additionally retrieves phenotypic
activities (pchembl value null, assay type F/B) at a lower confidence prior; for terpenes, sterols, and other natural
products tested phenotypically rather than against named molecular targets, this opt-in is necessary to avoid silent loss of
∼2,000 compounds. Salt and tautomer parents are aggregated via the ChEMBL molecule hierarchy; without hierarchy
expansion, 30–50% of activities are missed for multi-form compounds.

Target→Disease. Four-way dispatch on target type. SINGLE PROTEIN: Open Targets GraphQL via
UniProt→Ensembl, returning disease associations with overall scores binned to confidence tiers. PROTEIN COMPLEX:
subunit fan-out via ChEMBL, then per-subunit Open Targets, with per-disease max-score deduplication. PROTEIN FAMILY:
intentionally skipped (td linker status = skipped protein family), as family-level evidence is too coarse
for clinical association. ORGANISM: an EFO/DOID walk over OLS4 starting from the NCBI tax id, emitting both the
specific disease class and its ancestors, falling back to a parallelized LLM safety net (Gemini proposes candidate disease
names, NLM MeSH verifies via tolerant exact match) when the ontology walk returns empty. Three-tier disease matching:
exact ontology-ID match first, then normalized-name exact match, then MeSH-synonym expansion. A plan-then-apply
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phase performs all writes via UNWIND-batched Cypher transactions (∼12 transactions for ∼5,500 rows), with DELETE
restricted to terminal-status rows so transient API failures cannot wipe live edges.

Reviewer. Two-pass deterministic-then-LLM archival. Pass 1 catches OCR artifacts (single-character entities, mojibake),
orphans (degree 0), generic categories (“herb”, “compound”), and metaphysical concepts that escaped extraction. Pass 2
batches the residual ambiguous nodes (∼20) to Gemini for biomedical-relevance filtering. Cascade archival propagates to
incident edges. Archival is soft (archived=true with reason); no records are deleted.

A.3. Discovery agent protocols

DeepRoot Discovery comprises two agent roles operating over the typed graph: a critic agent that scores existing
Source→Malady claims, and a discovery agent that nominates novel compound candidates for a target Modern Disease.
Both consume the tier-bucketed path-scoring layer described in Appendix A.4.

Critic agent. For each (Source, Malady) claim, the agent receives a structured payload assembled from the KG: the
claim itself (Source name + aliases, Malady description, primary mapped Modern Disease, mapping rationale), deter-
ministic Pass-1 signals (path bucket distribution, loop-closure counts, top-bucket score), the top-K mechanistic chains
(Source→Compound→Target→Disease) with edge metadata, and four cross-cutting enrichments—compound profiles
(KNOWN TREATS for other diseases, target spectrum), target genericity (number of associated diseases per target), source-
level target convergence (multi-compound hits on the same target), and sibling verdicts (Pass-1 verdicts of other claims
on the same source). The model returns a structured JSON CriticVerdict with: a verdict on the four-tier ladder
(VALIDATED / PLAUSIBLE / WEAK / UNSUPPORTED); biological plausibility and evidence coherence scores in [0, 1], defen-
sively clamped to that range; a key evidence list of cited compound–target– disease triples; a concerns list with typed
enum values (generic target, weak evidence only, indirect mechanism, wrong disease mapping,
syndrome underutilized, promiscuous compound, unverified evidence); a free-form rationale; and a
requires human review flag (auto-set when the LLM and deterministic Pass-1 verdicts disagree by ≥ 2 rungs). The
prompt instructs the model to quote specific input fields and never speculate beyond the provided evidence; numeric ranges
are enforced via post-hoc clamping rather than relying on the model to obey them.

Discovery (nominator) agent. Given a target Modern Disease query d∗, the agent walks the KG backward (disease
← malady← source← compound) to enumerate all corpus-supported candidate compounds, then walks forward (com-
pound→ target→ disease) to score each candidate’s mechanistic plausibility. A novelty filter drops compounds whose
KNOWN TREATS edge already reaches d∗ (supporting an in-memory mask for held-out evaluation without mutating the
graph). The remaining candidates are ranked lexicographically by (i) has loop closure (does at least one forward
chain reach d∗), (ii) forward bucket (gold > silver > bronze > wood; weakest-link tier of the strongest loop-closing
path), (iii) unique sources count, (iv) unique maladies count, and (v) forward max score (multiplica-
tive product of edge confidences along the strongest path). The output is an ordered list of CompoundCard entries
containing top historical paths (source, malady, evidence span), top forward paths (target, assay description, OT score), and
KNOWN TREATS for other diseases as polypharmacology context. The discovery agent is fully deterministic—no LLM is
in the loop—making the ranking auditable and stable across re-runs.

A.4. Tier-bucket path scoring

A path is a sequence of typed edges connecting a source node to a disease node through compound and target inter-
mediaries. Each edge carries an evidence type tag (e.g., chembl mechanism, ot association strong,
coconut organism canonical) which maps to one of four tiers T ∈ {GOLD, SILVER, BRONZE, WOOD} (Ap-
pendix A.5, Table 5) and a flat numeric prior c ∈ [0, 1].

For a path p with edges e1, . . . , en, the path bucket B(p) and path score S(p) are

B(p) = min
i=1...n

T (ei), S(p) =
∏

i=1...n

c(ei).

Paths are ordered lexicographically by (B(p), S(p)) with the bucket as the primary key (highest-tier bucket wins) and the
multiplicative score as tiebreak within a bucket. The bucket captures the qualitative claim “a chain is only as strong as its
weakest edge” (weakest-link), while the score gives a continuous ordering inside each tier.
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The same scoring layer is consumed by both Discovery agents (Appendix A.3) and by the deterministic Pass-1 sig-
nals fed to the critic. Because priors are flat (Table 5) rather than learned, raw external scores (ot overall score,
pchembl value, np likeness) are preserved as edge attributes so downstream consumers can recalibrate without
re-running Assembly.

A.5. Confidence priors

Tier ladder (used for path scoring). gold > silver > bronze > wood. Path bucket is the minimum tier across edges
(weakest-link); within a bucket, ranking uses the multiplicative product of edge confidences as tiebreak.

Table 5. Per-edge-type confidence priors. Priors are flat (not learned), chosen on biomedical face validity, and never replaced by
self-reported LLM confidence. Raw external scores (e.g., ot overall score, pchembl value, np likeness) are preserved as
edge properties so downstream consumers can recalibrate without re-running Assembly.

Edge Evidence type Tier (prior)

IS EXTRACTED FROM

coconut organism canonical /
pubchem chemical canonical

gold (0.70–0.80)

coconut organism alias silver (0.55)
coconut organism unverified /
pubchem chemical unverified

bronze (0.50–0.55)

pubchem chemical formula wood (0.50)

TARGETS

chembl mechanism gold (0.95)
chembl activity strong (pchembl ≥ 7) silver (0.75)
chembl activity moderate (pchembl ≥ 6) bronze (0.60)
chembl activity weak (pchembl ≥ 5) /
chembl phenotypic

wood (0.40)

RELATES TO

ncbi pathogen consensus gold (0.92)
ot association strong (OT ≥ 0.7) gold (0.85)
ot association moderate (OT ≥ 0.4) /
complex aggregate / pathogen llm verified

silver (0.65–0.75)

ot association weak (OT ≥ 0.2) bronze (0.45)

MAPS TO
icd10/mesh/snomed exact (primary) gold (0.80–0.85)
syndrome component / symptom silver (0.65–0.75)

KNOWN TREATS

clinical phase = 4 (approved) gold (0.95)
clinical phase = 3 gold (0.85)
clinical phase = 2 silver (0.65)
clinical phase = 1 bronze (0.45)

A.6. Graph statistics

Node and edge totals (active, post-Assembly). 21,111 nodes active, 94 archived. By type: 415 Source,
294 Traditional Malady, 129 Modern Disease, 18,012 Chemical Compound, 2,211 Biological Target, 50 Prepara-
tion Method. Edges: 52,467 active. By type: 32,909 IS EXTRACTED FROM, 16,696 TARGETS, 1,841 RELATES TO,
431 TREATS TRADITIONALLY, 301 KNOWN TREATS, 257 MAPS TO (208 primary +49 syndrome component), 32
PREPARED AS.

Per-evidence-type breakdown. IS EXTRACTED FROM: 32,885 organism canonical, 21 chemical canonical, 3 formula.
TARGETS: 60 mechanism, 1,148 strong, 1,185 moderate, 2,264 weak, 12,039 phenotypic. RELATES TO: 936 ot weak,
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666 ot moderate, 14 ot strong, 203 complex aggregate, 17 llm verified, 3 pathogen consensus, 2 efo. KNOWN TREATS: 60
phase 4, 92 phase 3, 84 phase 2, 65 phase 1. The phenotypic-heavy distribution of TARGETS reflects the natural-product
corpus: terpenes, sterols, and flavonoids are predominantly characterized by phenotypic bioassays rather than named
molecular targets.

Convergence. 4,605 compounds appear in ≥ 2 sources (classic phytomedicine pattern: β-sitosterol 112×, quercetin 87×,
kaempferol 66×). Across the 129 Modern Disease nodes, 257 MAPS TO edges resolve to an average of 1.99 maladies
per disease, indicating strong canonical convergence rather than fragmentation.

Coverage. 504 of 2,211 targets (22.8%) link to at least one disease; 88 of 129 disease nodes (68%) are reached by at
least one target. 3,221 of 18,012 compounds (17.9%) have at least one TARGETS edge; the remainder either lack ChEMBL
records or have no admissible target-class data, a documented limitation of the underlying databases rather than of the
pipeline.

A.7. Evaluation protocols

Eval 1: source and compound recovery on mini-corpora. To build each mini-corpus,
build recovery eval corpus.py first queries the knowledge graph for two disjoint source pools: closed-
loop sources (those with at least one complete Source → Compound → Target → Disease chain where the
source also TREATS TRADITIONALLY→ Malady→ MAPS TO the same disease) and distractor sources (all other
non-archived KG sources). The full Shen Nong Ben Cao Jing text is split into paragraphs, each tagged by keyword regex
against every source name in the KG. Gemini Flash then verifies which tagged sources a paragraph actually describes
therapeutically (rather than merely cross-referencing in a compatibility list). Verified single-source paragraphs are
banked into the two pools. Each synthetic eval case is assembled by a diversity-maximising greedy algorithm: it picks
K=3 least-used closed-loop source paragraphs and N=7 least-used distractor source paragraphs, ensures no overlap
between the two sets, then deterministically shuffles all 10 paragraphs into an interleaved mini-corpus. The label set
for compound recovery includes both closed-loop compounds (retrieved via a Cypher walk confirming Compound
→ TARGETS → Target → RELATES TO → Disease for a disease the source already treats; typically 1–5 per
source) and distractor compounds (IS EXTRACTED FROM compounds of the distractor sources). Compound recall@k is
reported separately against each label set so the closed-loop and broad-coverage signals can be distinguished. Thirty such
mini-corpora are generated, each with a distinct closed-loop source signature enforced by deduplication.

Eval 2: edge-perturbation sensitivity. A fixed test set of closed-loop Source–Malady claims is sampled from the KG. For
each perturbation level p ∈ {0%, 20%, 40%, 60%, 80%, 100%}, a fraction p of edges across four mechanistic edge types
(TARGETS, RELATES TO, KNOWN TREATS, MAPS TO) is selected uniformly at random and their target endpoints are
shuffled among themselves. A single perturbation is applied per level; all test claims are then evaluated by the Critic against
the same perturbed graph. Self-confidence (mean biological plausibility over all claims) is reported per level.

Eval 3: positive-control recovery of hidden known treatments. The 301 KNOWN TREATS edges are filtered to those
whose Modern Disease has a backward chain d← malady← source← compound in the KG (the historical-reachability
subset), yielding 21 (compound, disease) pairs across 10 diseases. For each test pair (c∗, d∗), we compute c∗’s planar
InChIKey prefix (first 14 characters, dropping stereochemistry) and mask every KNOWN TREATS edge from any compound
sharing that prefix to d∗ (in-memory mask only; the graph is not mutated). The discovery agent is then run on d∗ with
top-K = 20. A trial succeeds at rank r if any nominee within the top r shares c∗’s planar prefix. The candidate pool—all
compounds reachable via the backward chain from d∗—is recorded per-disease (range 87–1,954, median 835), giving a
uniform random recall@20 baseline of ≈ 2.4%.

Eval 4: LLM-as-judge reasoning quality. A stratified sample of 30 closed-loop Source–Malady claims is drawn
from the 431 candidate claims, with the strata chosen to exercise distinct verdict regimes (representative balance of
unsupported, strong support, gold-bucket-without-loop-closure, mechanistic-only, and traditional-only). The same 30
claims are scored by six conditions: DeepRoot Discovery at three LLM tiers (Gemini 3.1 Pro, 2.5 Flash, 3.1 Flash-
Lite), a graph-only deterministic baseline (Pass-1 verdict only, no LLM), an LLM baseline given just the corpus pas-
sages, and a tool-call LLM baseline given direct API access to ChEMBL, Open Targets, PubMed, and MeSH. Out-
puts are graded by Claude Sonnet 4.6 (cross-family from the graded systems) on six dimensions in [1, 5]: Evidence
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Fidelity (does the critic cite evidence present in the payload?), Verdict Alignment (does the verdict follow from the
visible evidence?), Reasoning Coherence (does the rationale explain this claim’s chain?), Clinical Mapping (does the
critic responsibly handle the malady→disease mapping?), Uncertainty Calibration (are the scores, concerns, and review
flag calibrated?), and Actionability (would a curator know what to inspect next?). The judge additionally returns six
binary flags (hallucinated evidence, unsupported verdict jump, ignored loop closure status,
overclaims strength, contradictory scores, needs human review) and a recommended status in
{pass, weak pass, fail, human review}. The judge sees only the critic’s visible artifacts (verdict, scores,
key evidence, concerns, rationale) plus, where applicable, the structured payload that the critic was given; it does not have
access to ground truth and grades the quality of the critic’s argument rather than its absolute correctness.

A.8. Prompt templates

This section summarizes the four critical prompts in DeepRoot. Each template is described as a tuple of (role, input schema,
output schema, key instructions); the verbatim text is in the released codebase.

Extraction prompt. Role: extract typed entities from a single text chunk of the source corpus. Input: the chunk text plus
a source document identifier. Output schema (structured JSON): sources[], maladies[], preparations[],
treats edges[], prepared as edges[]; each entity carries name, aliases, evidence span (verbatim quote
from the chunk), and a self-assessed confidence. Key instructions: evidence spans must be substring-matchable to the
chunk text; identifiers (binomials, ChEMBL IDs) are never to be invented; the LLM emits names, not codes.

Malady→Disease mapping prompt (generate-then-verify). Role: classify each Traditional Malady into one of
{disease, symptom, syndrome, ambiguous, tcm no equivalent} and propose canonical English name(s).
Input: the malady’s name, description, evidence span, and source classical context. Output schema: a top-
level classification field plus a mappings[] list, where each mapping carries name (canonical English), an
ontology hint ∈ {icd10,mesh,snomed}, a role ∈ {primary,syndrome component}, and a one-sentence
rationale. Key instructions: the model emits canonical names only, never codes; for syndrome maladies, up to two
syndrome component entries may be returned in addition to the primary; six in-context examples cover the typical
TCM patterns (wind heat, gu toxin, counterflow, etc.). Codes (ICD-10, MeSH, SNOMED) are recovered downstream by
deterministic exact-match verification against the corresponding ontology services—never trusted from the LLM.

Critic agent prompt. Role: biomedical reasoning expert evaluating whether a historical Source plausibly treats a
Modern Disease via known mechanisms. Input: the structured payload described in Appendix A.3 (claim, Pass-1 signals,
evidence paths, compound profiles, target profiles, source-level target convergence, sibling verdicts), serialized as a single
JSON object. Output schema: the CriticVerdict object described in Appendix A.3. Key instructions (highlighted in
the system prompt): (i) assess TARGET QUALITY via the per-target disease count (pleiotropy of ≥ 50 associated diseases
is flagged generic target); (ii) ground COMPOUND PHARMACOLOGY in the compound’s KNOWN TREATS record
and target spectrum; (iii) scrutinize the DISEASE MAPPING for clinical plausibility against the historical evidence span;
(iv) upweight POLYPHARMACOLOGY / CONVERGENCE when multiple compounds from the same source hit the same target;
(v) discount SPECIFICITY when the source has many unrelated claims (kitchen-sink remedy). The prompt instructs the
model to quote specific input fields and never speculate beyond the provided payload.

Baseline LLM and Biomni prompt. Role: Candidate nominator. You are a pharmaceutical and natural products expert
with broad knowledge of traditional Chinese medicine, pharmacognosy, and bioactive plant compounds. You will be given a
passage from the Shen Nong Ben Cao Jing and will be asked to discover and rank plausibility of therapeutic compounds.
Read this passage from a historical Chinese herbal text. List each medicinal source discussed; for each, propose up to
10 therapeutic chemical compounds it likely contains, with a plausibility score 0.0-1.0 (0.0 = incoherent or no known
mechanism, 1.0 = biologically obvious) and a one-sentence reasoning grounded in known biochemistry or pharmacology.
For Biomni specifcially, we added the following to enable its access to external tool calls and subagent deployment: You
have access to External databases and tools: @ChEMBL, @OpenTargets, @PubMed, and any internal Biomni tool calls.
Cite each grounding row you actually saw.

LLM-judge prompt. Role: independent biomedical evaluation judge grading the visible reasoning of an automated critic,
not deciding whether the underlying therapeutic claim is true. Input: condition under judgment (one of the six in Eval 4),
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the claim, the Pass-1 deterministic signals, the visible payload the critic received (or empty for graph-free conditions), and the
critic’s full structured output. Output schema: per-dimension scores in [1, 5] for the six rubric dimensions (Appendix A.7),
six binary flags, a recommended status, and a free-text justification referencing specific input fields. Key instructions: treat
Pass-1 as an input signal, not ground truth (a critic can be good even when it agrees with an imperfect Pass-1 verdict, if it
explains the limitation correctly); penalize hallucinated citations (every compound, target, and disease named by the critic
must trace to a payload field, except for widely accepted biomedical facts in text-only conditions); penalize rationales that
confuse global top-bucket evidence with loop-closing disease support (a claim with 76 gold-bucket paths but zero of those
paths reaching the mapped disease is not well-supported).

A.9. Implementation notes

Models. Extraction, Auditor canonicalization, Malady mapper, and Reviewer Pass 2 use Gemini 3.1-Flash-Lite at
temperature 0 with structured-JSON schemas (rate-limited 1 request/sec, retried up to 4 times on transient failure). The
Discovery LLM stages use Gemini Pro under the same rate-limit envelope.

Storage. Neo4j AuraDB. All writes are idempotent MERGE statements with status fields (e.g., linker status,
td linker status, mapper status) written last so transient failures retry safely. Default re-run filters select
only nodes with status IS NULL; --retry-misses reprocesses error and no * branches; --force-relink
deletes prior edges from terminal-status branches only, never from in-flight nodes. This makes the pipeline crash-safe
end-to-end.

Caching. PubChem responses are disk-cached by query; COCONUT is loaded once into an in-memory inverted index.
Re-runs after network interruptions complete in seconds.

End-to-end cost. Full Assembly over the 71-chunk corpus runs in ∼30–40 minutes wall-clock, dominated by per-edge
Neo4j MERGE latency on AuraDB. Total LLM spend is ∼$0.25 (Flash-Lite); ChEMBL, COCONUT, PubChem, Open
Targets, NLM, and EBI are all free.

A.10. Qualitative scoring of representative critic agent responses

Each box below shows one Critic verdict for a (Source, Malady) pair. VALIDATED PLAUSIBLE WEAK UNSUPPORTED badges reflect the
Critic’s self-confidence reported as one of four plausibility tiers. Inline annotations highlight reasoning quality: green = strong evidence
use, red = reasoning flaw, blue = neutral observation.

Figure 4. Qualitative Critic verdicts across five (Source, Malady) pairs comparing DeepRoot KG+LLM against a text-only LLM baseline
(TO). LLM used is Gemini3.1-flash-lite (G3.1F).

Example 1: Fritillaria bulb (Source) and retained placenta (Malady)

KG + G3.1F Verdict: UNSUPPORTED

Weakest Link: Target-to-disease association (Open Targets score 0.000) for all identified compounds.
Reasoning: While compounds like Hederagenin show high binding affinity to targets like F3, there is no established biological
link between these targets and placental detachment. Evidence chains fail to provide a plausible mechanism; targets are involved
in iron storage or general coagulation rather than uterine contractility or placental separation.

1. Clear leveraging of KG edge information.

2. Understands retained placenta is physically-induced — not addressable pharmacologically.

TO + G3.1F Verdict: PLAUSIBLE

Weakest Link: Assumption that isosteroidal alkaloids exert a strong enough uterotonic effect to expel placental tissue.
Reasoning: Fritillaria contains isosteroidal alkaloids (peimine, verticine) that modulate smooth muscle via calcium channel and
muscarinic receptor interaction. While the text emphasises lung disorders, pharmacological potential for uterine contractions
provides a plausible mechanism for retained placenta.

1. Reasonable biochemical connections, but does not recognise that a physically-induced condition cannot be treated pharmacologically.

Example 2: Cynanchum (Source) and wind stroke (Malady)
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KG + G3.1F Verdict: PLAUSIBLE

Weakest Link: High pleiotropy of targets PTPN1 and GPBAR1 (>200 diseases each), reducing specificity.
Reasoning: Supported by a high-potency interaction between Caryophyllene oxide and FTH1 (pChEMBL 9.0), mechanistically
relevant to oxidative stress in stroke. Multiple gold-tier evidence chains regarding vascular health and neuroinflammation provide
a plausible pharmacological basis.

1. KG edge information cited for pChEMBL score.

2. Clear biological reasoning on oxidative stress.

3. Synthesis of multiple chains for a stronger answer.

TO + G3.1F Verdict: PLAUSIBLE

Weakest Link: Systemic anti-inflammatory and diuretic effects insufficient to reverse acute neurological deficits.
Reasoning: Cynanchum contains steroidal saponins and phenanthroindolizidine alkaloids with anti-inflammatory and neuroprotec-
tive properties, mapping to “draining heat” and “precipitating water qi” — potentially reducing neuroinflammation and cerebral
edema.

1. Broad chemical classes instead of specific natural products; mechanistic link not specific.

Example 3: Lithospermum Root (Source) and Qi Deficiency (Malady)

KG + G3.1F Verdict: WEAK

Weakest Link: No specific mechanistic link between targets (FTH1, NOS3, NFKB1) and postviral fatigue syndrome.
Reasoning: Compounds show high binding affinity to biological targets but these targets are highly pleiotropic and lack specific
relevance to the disease. The Qi deficiency mapping is speculative, relying on general inflammatory pathways.

1. Reasonable modern disease identification.

2. Biologically meaningful binding affinity cited.

3. Correctly flags pleiotropy as weakening the claim.

TO + G3.1F Verdict: UNSUPPORTED

Weakest Link: Conceptual contradiction between clearing “evil qi” (excess) and treating “Qi deficiency” (depletion).
Reasoning: Lithospermum is a cooling, draining, purging agent — actions contraindicated for Qi deficiency, which requires
tonifying rather than clearing.

1. Nonsensical: the cited contradiction does not exist.

Example 4: Ophiopogon (Source) and Vomiting (Malady)

KG + G3.1F Verdict: PLAUSIBLE

Weakest Link: Functional relevance of generic targets NFKB1 and F2 to the emetic reflex is weak.
Reasoning: High-affinity interaction between (-)-Epicatechin and NOS3 provides a plausible pathway for modulating the vomiting
center, supported by secondary links to dopamine regulation via SNCA. Tempered by high target pleiotropy and lack of data
for most constituents.

1. Specific compound–target identification.

2. Physical symptom alleviation discussed.

3. Limitations of pleiotropy acknowledged.

TO + G3.1F Verdict: PLAUSIBLE

Weakest Link: Direct anti-emetic mechanism less established than general mucosal-soothing properties.
Reasoning: “Stomach fire” maps well to modern gastritis. Ophiopogon contains steroidal saponins (ophiopogonins) and
polysaccharides with anti-inflammatory and cytoprotective effects on mucosal linings, providing a plausible basis for reducing
emesis.

1. Vomiting mapped to gastritis as a secondary cause.

2. Broad chemical classes; no specific natural products named.

3. Steroidal compounds connected to mucosal cytoprotection.

16



880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934

Submission and Formatting Instructions for ICML 2026

Example 5: Epimedium (Source) and impotence (Malady)

KG + G3.1F Verdict: UNSUPPORTED

Weakest Link: Zero Open Targets scores for all identified targets.
Reasoning: Evidence fails at every level: disease mapping is a category error, targets (PTPN1, Polb, PYGM) have no known
relevance to erectile function, binding affinities are weak, 29 of 30 compounds have no target data, and the single analyzed compound
(Ursolic acid) is a ubiquitous non-specific phytochemical.

1. Example where we miss a target due to it having poor fidelity from COCONUT2.0 and ChEMBL.

TO + G3.1F Verdict: VALIDATED

Weakest Link: Oral bioavailability and relative potency of icariin vs. synthetic PDE5 inhibitors (e.g. sildenafil).
Reasoning: Epimedium contains icariin, a bioactive flavonol functioning as a PDE5 inhibitor — the same mechanism as modern
erectile dysfunction medications. The historical text’s “network vessels” as “passageways for essence” aligns with nitric oxide-driven
vasodilation and vascular-mediated tumescence.
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