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ABSTRACT
Recent multi-label disease detection methods exploit disease causal-
ity and disease–image feature interactions, but causal learning is
often inaccurate and computationally costly. Meanwhile, human–AI
collaboration in diagnosis can outperform either clinicians or mod-
els alone. We propose a framework that combines expert-guided
causal learning with Bayesian human–AI decision fusion. First, we
learn an expert causal matrix via a GCN from expert labels and au-
thoritative medical knowledge, and use it to regularize inter-disease
causal learning. Second, we convert per-label probabilities into joint
label-set probabilities and fuse them with expert decisions using
a Bayesian scheme. Experiments on three medical datasets show
that our method outperforms state-of-the-art multi-label disease
detection models by up to 13.18%.
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1 INTRODUCTION
In recent years, Artificial Intelligence has achieved strong perfor-
mance in speech recognition, image processing, and natural lan-
guage processing, enabling broad deployment in healthcare and
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other domains. In healthcare, AI has been used to diagnosemany dis-
eases, including lung diseases [13], heart diseases [11], Alzheimer’s
diseases [16], diabetes [4], and retinal diseases [3]. However, med-
ical scenarios remain challenging due to domain shift, bias, and
limited interpretability. Human experts can be more robust in am-
biguous or atypical cases, motivating human–AI collaboration that
can outperform either alone [2].

Most prior work targets single-disease diagnosis [5, 8, 19], while
real patients often have multiple coexisting conditions, making
diagnosis a multi-label classification problem. This task is diffi-
cult due to complex inter-disease relations (co-occurrence, mutual
exclusivity, and causality) and overlapping symptoms. Existing
approaches exploit label relations and disease–image feature inter-
actions: graph-based methods model inter-label structure [1, 18],
and transformer-based methods learn label-specific representations
via label–feature interactions [9, 15]. Recent work further com-
bines inter-disease causality with feature interactions [17], but
data-driven causal discovery can be brittle under sparse data or
many labels.

We propose amulti-label disease detectionmethod that combines
the expert-guided causal learning and Bayesian human-AI decision
fusion, thereby bridging human expertise and data. First, we com-
pute the co-occurrence matrix as well as the mutual information
matrix from human experts’ predictions. We collect relevant au-
thoritative medical knowledge to obtain the causal matrix based on
medical knowledge. Then, we use GCN to estimate human causality
between diseases from the three matrices described above, and use
this matrix to guide the AI in the causal learning and classification.
Finally, we transfer the probabilities of AI’s results to the prob-
abilities of different disease combinations, construct the human
confusion matrix, and fuse human and AI classification results.

2 METHOD
We build upon a causal multi-label classification pipeline and intro-
duce two human-integrated modules: Expert-Guided Causal Matrix
Construction (ECMC) and Bayesian Human–AI Decision Fusion
(BHDF).
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Table 1: Overall Performance and Ablation Study (%). Bolded text indicates the best performance among all models.

Model FFA Chest-9 Chest-4

MAF1 ↑ mAP ↑ mAUC ↑ SA ↑ HL ↓ MAF1 ↑ mAP ↑ mAUC ↑ SA ↑ HL ↓ MAF1 ↑ mAP ↑ mAUC ↑ SA ↑ HL ↓

Resnet50 81.83 75.41 67.10 30 19.88 34.49 30.04 63.93 2 40.35 44.99 39.18 64.87 21 31.55
GCN 79.37 86.35 74.01 30 22.15 39.49 37.79 70.38 32 23.13 40.18 40.13 71.24 59 15.36
dyGCN 83.98 88.03 75.83 35 17.59 39.38 43.63 69.01 21 18.94 44.17 40.23 72.56 62 11.85
Q2Lcausal 84.44 87.60 76.43 34 17.32 45.30 43.52 72.21 3 25.59 49.45 51.81 70.63 67 10.25
MLDcausal 84.73 87.88 76.61 33 17.36 45.13 43.69 70.51 30 17.03 49.23 52.30 71.51 67 9.72

Q2Lcausal+CH 84.52 87.36 77.31 36 17.05 48.24 46.10 75.27 32 16.85 59.86 62.92 78.05 69 9.03
Q2Lcausal+FH - - - 76 8.79 - - - 71 6.10 - - - 83 4.61
Q2Lcausal+CH+FH - - - 80 7.77 - - - 73 5.46 - - - 90 2.74

MLDcausal+CH 84.15 87.92 77.74 35 17.12 48.45 51.80 74.92 32 16.95 58.11 59.70 76.38 67 10.59
MLDcausal+FH - - - 81 7.71 - - - 66 6.83 - - - 82 4.69
MLDcausal+CH+FH - - - 82 7.31 - - - 71 5.56 - - - 84 4.23

2.1 Base Pipeline
Given an image 𝑋 , a backbone extracts features 𝐹0, and a trans-
former decoder uses learnable disease queries 𝑄0 to obtain label-
specific features 𝑄1 via disease–image interactions [9, 15, 17]. We
model inter-disease causality with an adjacency matrix𝑊 ∈ R𝐾×𝐾

(zero diagonal) and propagate 𝑄 =𝑊𝑄1 for causality-aware pre-
diction. The base loss combines multi-label classification loss (e.g.,
asymmetric loss) and DAG regularization for causal learning [14].

2.2 ECMC: Expert-Guided Causal Matrix
Construction

Purely data-driven causal discovery can be unstable and slow when
𝐾 is large. We therefore estimate an expert causal prior𝑊 ℎ from
(i) expert annotations and (ii) authoritative medical knowledge,
and use it to guide learning of𝑊 . Concretely, we compute three
relation matrices: co-occurrence 𝑀cooc, mutual information 𝑀mi,
and a directional authority matrix 𝑀auth extracted from medical
sources. We construct a multi-relation directed graph (ESR-Graph)
over diseases, where edges are added from 𝑀auth (all non-zero),
𝑀cooc (above a threshold), and 𝑀mi (above a threshold). A multi-
relation GCN encodes each relation, fuses the embeddings, and
decodes pairwise causal strengths to obtain𝑊 ℎ . We integrate this
expert prior by initializing𝑊 with𝑊 ℎ and adding a regularizer:

L𝑤 = 𝜏 ∥𝑊 −𝑊 ℎ ∥2𝐹 , (1)

which prevents the learned causality from drifting away from expert
knowledge.

2.3 BHDF: Bayesian Human-AI Decision Fusion
To improve final diagnosis accuracy, we fuse expert decisions with
the model output at the label-set level. Let 𝑆 = 0, 1𝐾 denote all label
combinations, and 𝑠 ∈ 𝑆 . Given per-label probabilities 𝑝𝑎 (𝑥), we
construct a distribution over 𝑆 (e.g., under conditional indepen-
dence). For example, when 𝐾 = 3, |𝑆 | = 23 = 8, corresponding to
no disease, any single disease, any pair of diseases, and all three
diseases. Let the expert output be 𝑠 ∈ 𝑆 . We estimate a joint con-
fusion matrix of size 2𝐾 ·2𝐾 , where each column (true 𝑠) param-
eterizes 𝑠 | 𝑠 ∼ Discrete(𝝓∗𝑠 ). To avoid high-variance MLE with
limited expert labels, we use Dirichlet smoothing [7] by placing

𝝓∗𝑠 ∼ Dirichlet(𝜶𝑠 ) with (𝛼𝑠 )𝑠 = 𝛾 and (𝛼𝑠 )𝑠′ = 𝛽 (𝑠′ ≠ 𝑠). Given
human and AI posteriors 𝑝ℎ (𝑥) and 𝑝𝑎 (𝑥) over 𝑆 , we fuse them as

𝑝 (𝑦 = 𝑠 | 𝑝ℎ (𝑥), 𝑝𝑎 (𝑥)) =
𝑝ℎ (𝑥)𝑠 𝑝𝑎 (𝑥)𝑠∑

𝑠′∈𝑆 𝑝ℎ (𝑥)𝑠′ 𝑝𝑎 (𝑥)𝑠′
, (2)

3 EXPERIMENTS
3.1 Settings
Datasets.Weevaluate on LID-FFA [17] and twoChest X-ray datasets
(Chest-9 [12] and Chest-4 [10]). Baselines. We compare against
ResNet50 [6], GCN [1], dyGCN [18], Q2L [9], MLDecoder [15], and
the causal variants Q2Lcausal/MLDcausal [17]. Our method. We
denote expert-guided causal learning as CH (applied to Q2Lcausal
and MLDcausal) and Bayesian human–AI decision fusion as FH (ap-
plied to all models). We report standard multi-label metrics (MAF1,
mAP, mAUC) and set-level metrics (SA, HL).

3.2 Results
Results on the FFA and Chest datasets (Table 1) show consistent
improvements. Adding human causal relations (CH) strengthens
Q2Lcausal and MLDcausal on most label-wise metrics, indicating
better discriminative ability and ranking quality. After applying FH,
we observe a further and more pronounced gain at the set level: SA
increases while HL decreases across models. Overall, these results
suggest that human knowledge helps the model make more reli-
able predictions, and human-AI fusion further improves diagnosis
accuracy, which is critical for real clinical multi-disease settings.

4 CONCLUSION
We integrate expert-guided causal learningwith Bayesian human–AI
decision fusion for multi-label diagnosis. This improves both accu-
racy and training efficiency over strong baselines.
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