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Abstract

The isnad is the ordered chain of narrators through
whom a hadith is transmitted. Hadith science eval-
uates reports through narrator reliability and chain
continuity, yet computational work has largely
treated authenticity as text classification over the
report content (matn). We study a focused task:
detecting and localizing fabricated chains from
the narrator-transmission structure alone. Us-
ing Sanadset 650K, we construct a directed nar-
rator graph and generate corruptions grounded
in classical defect typologies: narrator substi-
tution (fas-heef fi al-isnad) and chain splicing
(idraj al-sanad). We propose ISNADGUARD, a
multiple-instance graph model that scores each
transition using local statistics and narrator em-
beddings, aggregates transition scores with noisy-
OR, and is trained jointly for chain classification,
contrastive ranking, and edge localization. On
43,539 held-out chains, ISNADGUARD improves
AUROC from 0.727 to 0.836 and Hit@2 from
0.838 to 0.916 over an edge-frequency baseline.

1. Introduction

For more than thirteen centuries, Islamic scholarship de-
veloped a meticulous source-criticism tradition around the
isnad, the ordered chain of transmitters through whom a
hadith was passed down. Scholars treated provenance as
primary evidence: the rijal literature catalogued thousands
of narrators with biographical and reliability records, while
hadith-critical works enumerated recurring chain defects
and fabrications such as narrator substitution (tas-heef fi al-
isnad), inserted sanad segments (idraj al-sanad), and chain
inversions (qalb) (Markaz al-Minhaj lil-Ishraf wa-al-Tadrib
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al-Tarbawi, 2021; Kamali, 2005). Computationally, this be-
comes anomaly detection over directed transmission paths:
which link in the chain breaks structural plausibility? In
graph terms, an isnad is a path in a directed narrator network,
a fabricated chain contains an unsupported transition, and
the scholar’s question reduces to detecting and localizing
that broken edge.

Research Gap. Computational work on hadith has mostly
bypassed this question. Existing models classify reports
from the matn or topic metadata, conflating the chain with
its content and offering no edge-level account of what
makes a transmission suspicious. Authenticity classifiers
predict document-level labels from text or mixed features
(Haque et al., 2020; Najeeb, 2020; Tarmom et al., 2022;
Refaee, 2022; Gaanoun & Alsuhaibani, 2022; Alghamdi
et al., 2025), while generic graph anomaly detection targets
node, edge, or subgraph anomalies rather than ordered paths
(Kim et al., 2022; Tang et al., 2022). Neither line treats the
isnad as what it is, a path in a transmission graph whose
label can be decided by a single unsupported transition.

Related Work. Prior computational work has built corpora
and knowledge graphs around this tradition, most notably
Sanadset 650K (Mghari et al., 2022), AR-Sanad 280K (Mah-
moud et al., 2022), Multi-IsnadSet (Farooqi et al., 2024),
and knowledge-graph resources (Kamran et al., 2023; Mah-
moud et al., 2024), along with narrator-representation meth-
ods (Mghari et al., 2024). Recent Islamic-domain ML has
also moved toward culturally grounded evaluation and mul-
timodal religious datasets (Sayeed et al., 2025; Salman et al.,
2025). Standard graph learners such as GAT and Graph-
SAGE (Velickovi¢ et al., 2018; Hamilton et al., 2017) target
node or subgraph anomalies rather than ordered paths, and
multiple-instance learning (Dietterich et al., 1997) supplies
the formal frame for the at-least-one-fault semantics that
distinguish fabricated chains from valid ones.

Contribution. We introduce ISNADGUARD, the first matn-
free benchmark and model for fabricated-isnad detection
on a narrator-transmission graph. We formalize the task as
path-level anomaly detection with edge-level localization,
and release an evaluation suite of 43,539 chains from Sanad-
set 650K paired with five corruption operators grounded in
classical defect typologies. ISNADGUARD scores each tran-
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sition with local graph statistics and narrator embeddings,
aggregates the scores under at-least-one-fault semantics, and
is trained jointly for chain classification, contrastive ranking,
and edge localization. On the full test set, ISNADGUARD
raises AUROC from 0.727 to 0.836 and Hit@2 localiza-
tion from 0.838 to 0.916 over an edge-frequency baseline,
with the largest gains on substitution-style corruptions and
consistent improvement on the harder splice setting.

2. Method
2.1. Problem Formulation

An isnad chain is an ordered sequence ¢ = (ny,...,ny)
withn; € N and L > 2, inducing L — 1 directed transitions
e; = (ni,n;y+1). Chain labels are y(c) = 1 for syntheti-
cally corrupted chains and y(c) = 0 for attested ones; for
corrupted chains the corruption process additionally returns
B(c) C{1,..., L —1}, the index set of injected transitions,
used as edge-level supervision. The model outputs a chain-
level anomaly score Py4(c) € [0,1] and an edge ranking
summarized by i*(c) = arg max; g;(c).

2.2. Narrator-Transmission Graph

From the training split we build a directed weighted graph
Giain = (V, E,w) in which V' C N are narrators, (u,v) €
E whenever some training chain contains v immediately
followed by v, and w(u,v) counts such occurrences. All
graph statistics are computed strictly from G\, to prevent
leakage; narrators seen only at evaluation time map to a
shared out-of-vocabulary embedding.

2.3. Synthetic Corruptions

For each attested chain ¢*** we generate a corrupted counter-

part ¢ from one of five operators. Four are substitution-style,
instantiating tas-heef fi al-isnad: (C1) random replacement
with a uniformly sampled narrator; (C2) position-matched
replacement controlling for positional priors; (C3) degree-
matched replacement controlling for popularity; and (C4)
hard-neighbor replacement from the k-hop graph neighbor-
hood, producing globally plausible but locally unsupported
transitions. The fifth, (C5) chain splice, instantiates idraj
al-sanad by joining an attested prefix to an attested suffix at
a shared join narrator drawn from disjoint contexts. Each
operator records B(¢) for supervised localization.

2.4. ISNADGUARD

Per-edge scorer. For transition e; = (u, v) at position 7, we
form a feature vector ¢, = ¢(u, v, ¢, 1; Gain) SUMMarizing
edge counts, node degrees, conditional forward and back-
ward transition frequencies, normalized position, boundary
indicators, and left and right context counts. Combined with

Algorithm 1 ISNADGUARD: training and inference

1: Input: attested chains {ci**}, training graph Glyain
2: Build graph/path features and initialize narrator embed-
dings and MLP parameters
3: for each minibatch of attested chains do
4:  Sample corruption types and produce paired cor-
rupted chains ¢
5:  for each chain ¢ € {c
do
Compute z;, a; = fg(2;), and ¢; = o(a;)
end for
Compute Pra(c) =1 —[[,(1 — @)
Compute L5, Lrank, and Lioc
10:  Update model parameters
11: end for
12: Inference: return Phyq(c) and i* = arg max; ¢;

att ¢} and each transition e;

LR

learnable narrator embeddings h,,, h, € R, the full edge
representation is

z; = [¢)w hy; hy; |hu - hv|§ h, ®hv]a
and an MLP f, produces the edge anomaly logit a; = fy(z;)
with probability ¢; = o(a;).

Chain aggregation. A corrupted chain may be caused by a
single bad transition, so we aggregate per-edge probabilities
by noisy-OR:
L—1
Praa(c) =1 — H(l - Gi)-

i=1

2.5. Training Objective

For each attested chain c*** we sample a corrupted partner

¢ and optimize £ = Lgs + A\rLrank + AeLioe- Leis 1S the
standard binary cross-entropy on y(c) against Py,q4(c). The
ranking term enforces a margin between paired chains,
Lrank = maX(O; m+ Pbad(catt) - Pbad(é)) )
and the localization term concentrates anomaly mass on
injected edges via softmax cross-entropy
1 exp(a;
E]OC:*M Z logm-, ’/leelz{(gzl)
ieB(é) 5 XPL;

The three terms are complementary: classification shapes
the chain probability, ranking widens the attested—corrupted
gap, and localization aligns the maximum edge score with
the structurally guilty transition. Algorithm 1 summarizes
training and inference.

3. Experiments
3.1. Data and Setup

We process Sanadset 650K by discarding chains with miss-
ing SANAD fields, “No SANAD” placeholders, and chains
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Figure 1. Fabricated-chain detection on a Sanadset narrator-graph neighborhood. A fabricated chain can reuse real narrator nodes and
plausible subpaths while introducing a local transition with no network support. The object of interest is the claimed edge, not the narrator
identity; this edge-level view motivates our multiple-instance path anomaly model.

shorter than two narrators, and we lightly normalize Ara-
bic narrator names by merging diacritic and orthographic
variants. The resulting corpus contains 435,376 chains over
183,268 unique narrators, split 80/10/10 into 348,300 train-
ing, 43,537 development, and 43,539 test chains. The train-
ing graph has 686,793 directed edges. Each development
and test chain is paired with one corrupted partner from each
of the five operators in Sec. 2.3, giving 217,685 evaluation
pairs per split.

3.2. Evaluation Protocol and Baselines

We report thresholded accuracy at the development-tuned
operating point, AUROC as the primary chain-level ranking
metric, and Hit@k for edge-level localization, measuring
whether at least one injected transition lies among the top-k
most-anomalous edges of the corrupted chain. Because the
task is ranking and localization rather than fixed-threshold
classification, AUROC and Hit@F£ carry the primary weight.

We compare against four baselines spanning the natural
design space. Edge frequency scores each transition by
log(1 + w(u, v)) and aggregates by chain mean,; it is uncal-
ibrated but captures the dominant statistical signal. Graph-
feature MLP uses the same ¢, features as ISNADGUARD but
no narrator embeddings, isolating the contribution of iden-
tity (Henderson et al., 2012). ISNADGAT and ISNADSAGE
are compact full-batch implementations of GAT (Velickovi¢
et al., 2018) and GraphSAGE (Hamilton et al., 2017) trained
with positive-class weighting, probing whether neighbor-
hood aggregation suffices for this path-local task.

3.3. Implementation Details

Narrator embeddings are 64-dimensional; the per-edge MLP
has two hidden layers of width 128 with ReL.U activations.
We optimize with AdamW at learning rate 103, weight
decay 1075, batch size 256 chain pairs, and gradient clip-
ping at norm 1. Loss weights are A\, = 0.5 and A\, = 1.0
with margin m = 0.2, selected by a coarse development-set
sweep. Training runs for 20 epochs on a single NVIDIA
RTX 3090 in approximately four hours. All test numbers

Table 1. Sanadset test performance. All metrics are higher-is-better.
Best values are bolded; second-best values are underlined.

Model Ace. AUROC Hit@1 Hit@2
Baselines

Edge frequency 0.909 0.727 0.676  0.838

Graph feat. MLP 0.909 0.748 0.741  0.873

ISNADGAT 0.751  0.600 0.486 0.664

Ours

ISNADGUARD 0.909 0.786 0.790 0916

ISNADGUARD+FREQ. 0.909 0.801 0.790 0.916

ISNADGUARD-CALIB. 0.909  0.836 0.790 0.916

are reported after fixing the operating point and all hyperpa-
rameters on the development set.

3.4. Main Results

Table 1 reports test performance for all models. Edge fre-
quency is a deceptively strong baseline after thresholding
(0.909 accuracy), reflecting that the marginal distribution of
transitions is itself a useful authenticity prior, yet it ranks
chains weakly (0.727 AUROC) and localizes inconsistently
(0.676 Hit@1). The graph-feature MLP closes part of the
gap (0.748 AUROC) by combining features the frequency
baseline ignores. ISNADGUARD, adding narrator embed-
dings and the joint contrastive—localization objective, raises
AUROC to 0.786 and Hit@2 to 0.916, a 7.8-point absolute
improvement on localization. The convex blend with edge
frequency lifts AUROC to 0.801, and chain-level calibration
on top of the trained model reaches 0.836 AUROC while pre-
serving the edge ranking and therefore Hit@k. ISNADGAT
underperforms all alternatives at 0.600 AUROC, consistent
with global neighborhood aggregation washing out the local
path-specific signal this task depends on.

3.5. Ablations

Table 2 disentangles ISNADGUARD’s components. Remov-
ing narrator embeddings or path-context features each costs
roughly 0.7 AUROC points and 1.5-3 Hit@1 points, indi-
cating that the two information sources are largely comple-
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Table 2. Ablations on the full Sanadset test set. All metrics are
higher-is-better. Best values are bolded and lightly shaded; second-
best values are underlined.

Variant AUROC Hit@l Hit@2
ISNADGUARD 0.786 0.790 0.916
w/0 narrator emb. 0.779 0.773 0.909
w/o path context 0.779 0.762 0.906
w/o localization loss 0.749 0.760 0.902
Mean aggregation 0.811 0.790 0.916
Max aggregation 0.801 0.790 0.916
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Figure 2. Absolute gain over the edge-frequency baseline by cor-
ruption type. Gains are largest for substitution-style corruptions
(C1-C4), while splice (C5) is hardest.

mentary. The single most damaging change is removing
the localization loss: AUROC drops to 0.749 and Hit@1 to
0.760. The mechanism is the noisy-OR aggregator: because
Pyaa(c) is dominated by max; g;, sharpening the maximum
directly improves chain-level discrimination, and the lo-
calization loss does exactly that. We also compare two
post-training aggregators (mean and max) to the noisy-OR
default: both improve AUROC (to 0.811 and 0.801) with-
out changing the edge ranking. We retain noisy-OR as the
primary aggregator for its probabilistic interpretation.

3.6. Per-Corruption Analysis

Figure 2 breaks down test performance by corruption fam-
ily. ISNADGUARD improves Hit@2 across all five, with
the largest gains on degree-matched (40.099) and hard-
neighbor (4-0.093) substitutions, which are precisely the
corruptions designed to defeat trivial graph features. The
pattern is informative: where edge frequency suffers most,
learned embeddings help most, consistent with embeddings
capturing narrator-pair compatibility that raw frequency can-
not. The splice setting (C5) is the hardest by a clear margin
(0.724 AUROC, statistically tied with edge frequency), be-
cause by construction both halves of a spliced chain are

attested subpaths and only the bridge edge is locally syn-
thetic. Even there, Hit@2 improves by +0.052, showing
that a single locally anomalous edge in an otherwise valid
path remains recoverable.

4. Discussion

Path-local versus neighborhood-aggregation models.
The ISNADGAT result is the cleanest signal in the exper-
iments: standard graph neural networks, designed to ag-
gregate information over neighborhoods and produce node
representations, are a poor fit for a task that asks whether a
specific directed edge fits a specific ordered path. ISNAD-
GUARD uses the same underlying graph information but
consults it in a path-local way through per-edge features and
pairwise embedding interactions, which appears to be the
right inductive bias for fabricated-isnad detection.

Why localization supervision helps ranking. A natural
reading of the ablation is that supervised localization is the
load-bearing component of the loss. Although it operates
only on corrupted chains and only at known broken indices,
removing it costs more AUROC than removing any feature
group. The cause is the aggregator: Ppyq(c) is monotone
and max-dominated under noisy-OR, so any procedure that
concentrates anomaly mass on a single edge improves chain-
level discrimination. Localization supervision is the most
direct way to do this, and chain classification alone does not
exert the same pressure.

Limitations. The benchmark is synthetic, and the splice
setting marks the limit of structural-only detection: when
both halves of a chain are real, only the bridge edge be-
trays the fabrication, so a curated evaluation set built with
hadith specialists is a natural next step. Narrator disambigua-
tion is a further confound, as shared names may collapse
to a single node despite distinct historical persons; rijal-
grounded identity resolution and temporal-biographical
features (birth/death dates, geographic proximity, teacher—
student admissibility windows) would let the model rule out
edges that are graph-plausible but historically impossible.

5. Conclusion

We framed fabricated-chain detection in hadith transmission
as a path-level anomaly task and introduced ISNADGUARD,
a multiple-instance graph model for chain classification and
edge localization. On 43,539 chains from Sanadset 650K,
it improves AUROC from 0.727 to 0.836 and Hit@2 from
0.838 to 0.916 over an edge-frequency baseline, while the
localized edge scores make decisions auditable by identify-
ing which narrator transition breaks a chain. It complements
text-based authenticity research and offers a basis for inte-
grating scholar annotations with biographical rijal evidence.
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