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ABSTRACT
Multi-label disease diagnosis is prevalent in clinical applications,
such as chest X-rays that may indicate multiple coexisting dis-
eases. Despite advances in AI, current models remain insufficient
for reliably addressing such complexity. Human–AI synergy thus
emerges as both a necessary and promising approach, motivat-
ing our focus on effective decision fusion for multi-label disease
diagnosis. There are two challenges. Confidence, a key factor in
decision fusion, is often unrecorded in human annotations, making
its estimation nontrivial. Moreover, label-specific variations in hu-
man and model expertise must be considered to achieve effective
fusion. To address these challenges, we propose CentaurMD, a
confidence-aware human–AI decision fusion framework based on
label-specific Mixture-of-Experts (MoE). We first present a novel
multi-label confusion matrix construction method that employs
maximum entropy modeling to capture label correlations, enabling
more accurate confidence estimation and weight allocation. Then,
we develop a label-specific MoE module with dedicated gating net-
works and thresholds, which dynamically adjust expert weights
using information extracted from the confusion matrix via a Trans-
former encoder. Extensive experiments on three real-world clinical
datasets demonstrate that our method reduces Hamming loss by
39.14% and improves MMR (missed-misdiagnosis reduction) by
17.38%, achieving substantial diagnostic improvements.
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Figure 1: An example of collaborative human-AI disease di-
agnosis on the multi-label dataset ChestX-ray. Each medical
image in this dataset may have multiple pulmonary diseases.
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1 INTRODUCTION
Multi-label classification (MLC) [26] is the task of predicting all
relevant labels for a given instance, where multiple labels often co-
occur. This is particularly common in medical diagnosis [34, 40], as
a report may indicate several diseases simultaneously. For example,
a Chest X-ray (CXR) image may reveal fractures, pneumothorax,
airspace opacity, and nodules or masses [25]. To improve MLC
performance, recent AI models have been explored from different
perspectives, including leveraging latent contextual information
[3, 4, 15, 17], and modeling label or image correlations [5, 37, 38,
43]. These methods work effectively for typical MLC scenarios.
However, in clinical disease diagnosis, where disease types are
complex and diagnostic accuracy demands are stringent, relying
solely on AI models yields suboptimal results and may lead to
misdiagnosis or missed diagnosis. Therefore, incorporating human
experts proves more effective for complex disease diagnosis [31].
Human-AI collaboration has been widely applied across medical
domains, including online disease diagnosis [30, 42], skin cancer
recognition [27], and decision-making in sepsis diagnosis [39].

Human-AI collaborative decision fusion refers to the weighted
combination of human and AI decision outcomes. The Bayesian
approach [12] is widely adopted and effective for label classifica-
tion. However, it relies on fixed statistical assumptions to support
rigorous mathematical reasoning. As a result, it cannot dynami-
cally adapt to varying label difficulty or expert proficiency across
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cases, potentially leading to suboptimal weighting. Data-driven
Mixture-of-Experts (MoE) frameworks weight human and model
predictions based on confidence. AI models typically produce both
binary outputs and probabilistic confidence scores, whereas human
experts often provide only binary labels without explicit confidence.
Accurate estimation of human confidence is therefore critical for ef-
fective fusion. In MLC, individual labels differ in difficulty and class
balance, which yields label-wise variability in prediction reliability.
For a given case, a human may be more confident and accurate on
label 𝐴 while the model outperforms on label 𝐵, so it is essential to
identify and exploit these variations in decision fusion.

Motivated by these considerations, achieving effective human–AI
collaboration inmulti-label disease diagnosis entails twomajor chal-
lenges. First, existing confidence estimation methods commonly
rely on confusion matrices but overlook label correlations, making
it difficult to accurately assess human expert confidence. Second,
variations across labels introduce heterogeneity in decision fusion.
To tackle these challenges, we propose two novel modules: (i) A
human expert confidence assessment module that leverages a max-
imum entropy model to capture label correlations and constructs a
multi-label confusion matrix (MLCM) using a weighted probabilis-
tic rule for confidence estimation. (ii) A label-specific MoE module
with dedicated gating networks and thresholds, augmented by a
Transformer encoder with multi-head attention to model correla-
tions in the MLCM and refine gating weights for accurate fusion.

In this paper, we propose CentaurMD, a confidence-aware hu-
man–AI decision fusion framework for multi-label disease diagnosis
via label-specific MoE. CentaurMD first estimates human expert
confidence via the MLCM. Next, the label-specific MoE module
produces initial weights for human and AI models via dedicated
gating networks, which are then refined by the estimated confidence
to generate the final probabilistic outputs. Finally, label-specific
thresholds convert these probabilistic outputs into binary decisions.

Our main contributions are summarized as follows:
• Assessing Human Expert Confidence: We propose an
MLCM construction method that captures label correlations
without assuming independence, enabling more accurate
and unbiased estimation of human expert confidence.
• Label-Specific MoE: We introduce the application of a
Mixture-of-Experts to human–AI collaborative decision fu-
sion for the first time. By employing label-specific gating net-
works and thresholds and calibrating initial weights based
on confidence, our method improves diagnostic accuracy
while reducing misdiagnosis and missed diagnosis rates.
• Experimental Study: Experiments on three real-world clin-
ical datasets show that our approach consistently outper-
forms human-only, AI-only, and existing human–AI collabo-
rative methods. Compared with fusion baselines, it reduces
Hamming loss by 39.14% and improves MMR by 17.38% on
average, yielding markedly better diagnostic performance.

2 RELATEDWORK
2.1 Multi-Label Disease Classification
In recent years, MLC has received increasing attention for its ability
to model label correlations, address class imbalance, and ensure
scalability [11]. Zhu et al. [43] extracted label correlations via scene

detection and co-occurrence matrices, yet depends on contextual
information with high computation cost. AdaBoost [16] optimizes
label correlations to minimize Hamming loss, though implementa-
tion remains challenging. Siahroudi et al. [24] introduced a partial
multi-label learning method based on constrained clustering, trans-
forming MLC into a clustering problem. In medical diagnosis, MLC
commonly arises in applications such as Chest X-ray and ECG anal-
ysis. Chen et al. [3] developed a semantic graph embedding frame-
work to enhance visual embeddings for classification. HydraViT
[21] employs self-attention on key regions while maintaining lesion
co-occurrence awareness, enhancing CNN-based classification. In
medical MLC, disease relationships are often more complex, making
label correlation modeling especially critical [? ]. Despite these ad-
vances, existing methods ignore the complementary role of human
expertise, motivating research on human–AI decision fusion.

2.2 Human–AI Fusion for Diagnostic Tasks
Existing works [20, 22] show that human–AI teams can outperform
either agent alone. Most existing human–AI fusion methods, how-
ever, are designed for single-label scenarios [18, 41, 42]. Kerrigan
et al. [12] proposed a Bayesian approach that models annotator
reliability via confusion matrices and calibrates probabilities un-
der conditional independence. Other research [2, 8, 13] introduced
allocation systems that assign each case to either a classifier or
a human expert to mitigate human limitations. Current deferral
algorithms [1, 33] allow AI to decide whether to predict or defer
to humans, but they often require extensive expert annotations.
Hemmer et al. [9] addressed this issue with a three-stage approach
while maintaining performance. Despite these advances, existing
methods largely ignore multi-label correlations in diagnostic tasks.

2.3 MLCM for Confidence Assessment
The construction of MLCM generally follows two approaches: trans-
formation from single-label confusion matrices and direct MLCM
construction. Single-label confusion matrices are well-established,
treating each label as an independent class and aggregating the
results to form a multi-label matrix. Existing work [28] has refor-
mulated MLC as a multi-class problem using the label power-set
transformation, but this approach incurs exponential computational
complexity for large label sets and suffers from severe data sparsity.
In MLC tasks, certain label pairs often exhibit strong co-occurrence
patterns and misclassification correlations [10], making methods
that ignore these correlations theoretically inadequate. For direct
MLCM construction, several strategies have been explored. An
ontology-driven method [29] measures feature-level semantic simi-
larity between labels but performs poorly when explicit semantic re-
lationships are absent. Krstinić et al. [14] proposed a generic MLCM
construction framework, yet it cannot capture varying dependency
strengths across label pairs, limiting its practical effectiveness.

3 METHODOLOGY
3.1 Problem Statement
In multi-label diagnostic tasks, each instance may contain multi-
ple diseases (up to 𝑛 labels) with strong label correlations. For a
given instance, a human expert (e.g., a doctor) provides a binary
prediction 𝑌ℎ = (𝑦ℎ1 , ..., 𝑦ℎ𝑛) ∈ {0, 1}𝑛 , while the AI model produces
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probabilistic predictions 𝑌𝑚 = (𝑦𝑚1 , ..., 𝑦𝑚𝑛 ) ∈ [0, 1]𝑛 based on the
instance features 𝑉 ∈ R𝑑 . To assess human expert confidence, we
construct an MLCM 𝐶 ∈ R(𝑛+1)×(𝑛+1) that accounts for label cor-
relations. Each element 𝐶𝑖 𝑗 represents the confidence of a human
expert assigning label 𝑗 given true label 𝑖 , with diagonal entries 𝐶𝑖𝑖

indicating confidence in correct classification. An additional row
and column are incorporated to handle cases where No True Label
(NTL) or No Predicted Label (NPL) exists. Using an MoE approach,
we fuse human-AI predictions to produce a refined probabilistic out-
put 𝑌 = (𝑦1, ..., 𝑦𝑛) ∈ [0, 1]𝑛 . In this context, the MoE framework
dynamically assigns weights to experts based on input-specific
features, allowing the system to leverage their complementary
strengths for improved decision making. This refined output is then
converted to a binary prediction 𝑌 = (𝑦1, ..., 𝑦𝑛) ∈ {0, 1}𝑛 via label-
specific thresholds 𝜃 = (𝜃1, ..., 𝜃𝑛) ∈ [0, 1]𝑛 . The objective of our
method is to jointly minimize the Hamming loss and the residual
risk of missed diagnosis and misdiagnosis:

min
𝐺̃ℎ,𝐺̃𝑚 ,𝜃

HammingLoss + (1 −MMR), (1)

where 𝐺̃ℎ and 𝐺̃𝑚 denote the weights of the human expert and
the AI models, respectively. MMR (Missed-Misdiagnosis Reduction)
represents the ability to reduce missed diagnosis and misdiagnosis,
defined as the harmonic mean of anti-missed diagnosis capability
(1 − 𝐹𝑁𝑅) and anti-misdiagnosis capability (1 − 𝐹𝑃𝑅):

MMR =
2 × (1 − 𝐹𝑁𝑅) × (1 − 𝐹𝑃𝑅)
(1 − 𝐹𝑁𝑅) + (1 − 𝐹𝑃𝑅) , (2)

where 𝐹𝑁𝑅 and 𝐹𝑃𝑅 denote the missed diagnosis rate and the
misdiagnosis rate, respectively.

3.2 Framework Overview
Motivated by these challenges, we propose a human–AI decision
fusion framework using MLCM and label-specific MoE. For each
instance, both human experts and AI models provide their predic-
tions. To assess expert reliability, we construct an MLCM to serve as
a proxy for confidence estimation. Decision fusion is performed via
label-specific gating networks, which adaptively combine human
and AI predictions. This approach assigns distinct weights to the
predictions of human experts and AI and computes a weighted
combination to yield the final decision. Moreover, label-specific
thresholds are applied to convert the probabilistic outputs into bi-
nary (0/1) decisions. As illustrated in Figure 2, CentaurMD consists
of two core components: human expert confidence assessment and
a label-specific MoE, described in detail below.

a) Assessing Human Expert Confidence. To assess human
expert confidence, we propose a method for constructing an MLCM
that captures label correlations. Specifically, we define label corre-
lation as the probability of label 𝑖 being misclassified as label 𝑗 , and
model this relationship using a maximum entropy model without
prior assumptions to derive a transition probability matrix. Subse-
quently, we introduce a probability-weighted MLCM construction
method that integrates this transition probability matrix to quantify
expert confidence. This will be detailed in §3.3.

b) Label-Specific MoE. To fuse predictions from human experts
and AI models, we design dedicated gating networks for each la-
bel, which generate initial weights based on predictions and image
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Figure 2: Framework Overview of CentaurMD.

features. To further refine these weights, a Transformer encoder
equipped with multi-head self-attention is employed to extract
information from MLCM. The extracted representation is then lin-
early transformed and fed into gating networks to recalibrate the
human expert’s weights. A weighted combination is subsequently
computed based on the recalibrated weights to produce the proba-
bilistic output. This will be detailed in §3.4.

3.3 Assessing Human Expert Confidence
Our human confidence assessment approach consists of two key
modules: 1) modeling label correlations via a maximum entropy
model, and 2) constructing a probability-weighted MLCM. We first
estimate label prediction error probabilities using a maximum en-
tropy model without distributional assumptions, encoding them
in a transition probability matrix that captures all possible errors.
These probabilities are then grouped into four categories to con-
struct the MLCM. By explicitly modeling label correlations, our
method yields a more faithful confusion matrix, facilitating prin-
cipled and accurate confidence estimation and providing a robust
foundation for subsequent human-AI decision fusion.

3.3.1 Modeling Label Correlations via Maximum Entropy. We de-
fine label correlations as the probability of misclassifying class-𝑖 as
class- 𝑗 , which is quantified using a transition probability matrix,

𝑊𝑖 𝑗 = 𝑃 (𝑦ℎ𝑗 = 1|𝑥𝑖 = 1, 𝑦ℎ𝑖 = 0) . (3)

When 𝑖 = 𝑗 , the diagonal element𝑊𝑖𝑖 = 𝑃 (𝑦ℎ𝑖 = 1|𝑥𝑖 = 1) de-
notes the probability of a correct prediction for class 𝑖 . Traditional
approach [6] computes conditional probabilities using the Bayes
method, which relies on the strong assumption of label indepen-
dence (i.e.,𝑃 (𝑦𝑖 |𝑥𝑖 ) = 𝑃 (𝑦𝑖 ),∀𝑖 ≠ 𝑗 ), expressed as,

𝑃 (Y|X) =
∏𝑛

𝑘=1
𝑃 (𝑦𝑘 |𝑥𝑘 ) . (4)

Diagnostic tasks often involve complex label correlations, ren-
dering the independence assumption biased in evaluation. This
issue is alleviated through a maximum entropy model. The model
selects the distribution with maximal entropy subject to the known
constraints, thereby reducing unwarranted assumptions. For each
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Algorithm 1 Construction of MLCM

Require: 𝑥 : Ground-truth labels, 𝑦ℎ : Human expert diagnosis
Ensure: MLCM
1: Extract label co-occurrence features from (𝑥,𝑦ℎ)
2: Train a Maximum Entropy Model to estimate transition proba-

bilities 𝑃 (𝑦ℎ𝑗 | 𝑥)
3: Construct transition probability matrix𝑊
4: for each label 𝑖 do
5: Update MLCM[𝑖, :] based on𝑊 [𝑖, :]
6: end for
7: return MLCM

label pair (𝑖, 𝑗), an independent binary logistic regression model is
trained to estimate 𝑦ℎ𝑗 , as detailed below:
Constructing Feature Representations. To avoid redundant
computation, we focus on regions of interest by extracting all sam-
ples where the ground truth is 𝑥𝑖 = 1 and human prediction is
𝑦ℎ𝑖 = 0, which correspond to misclassified regions. For each se-
lected sample, an input feature vector x = [𝑥𝑖 , 𝑦ℎ𝑖 ] is constructed to
capture contextual correlations and potential confusion patterns
across classes. The resulting feature-label pairs are subsequently
used to train the maximum entropy model, which estimates inter-
class confusion and dependency relationships.
Defining Prediction Targets. For each label pair (𝑖, 𝑗), we define
the prediction target as 𝑦ℎ𝑗 , which represents the human prediction
for class 𝑗 . This serves as the supervision signal for training the
maximum entropy model, enabling it to capture how likely class- 𝑗
is predicted when class-𝑖 is misclassified.
Estimating Conditional Probabilities.We use a logistic regres-
sion function to model the conditional probability 𝑃 (𝑦ℎ𝑗 = 1|x). The
estimation formula of the maximum entropy model is as follows,

𝑃 (𝑦ℎ𝑗 = 1|x) = 𝜎 (𝑤 𝑗0 +𝑤 𝑗1 · 𝑥 𝑗 +𝑤 𝑗2 · 𝑦ℎ), (5)

where 𝜎 (·) is the sigmoid function, and𝑤 𝑗 · denotes the parameters
trained for class 𝑗 .
Training the Maximum Entropy Model.We optimize the model
using L-BFGS, learning parameters w and bias 𝑏 by minimizing an
L2-regularized logistic loss,

min
w

1
2
w𝑇w +𝐶

∑︁𝑛

𝑖=1
log

(
1 + 𝑒−𝑦ℎ𝑖 w𝑇 x𝑖 ), (6)

where 𝑛 is the number of instances, and 𝐶 is a regularization hy-
perparameter that controls the strength of the L2 penalty.
Inference with the Maximum Entropy Model. After training,
inference is performed with the fixed input x = [1, 0], representing
the condition 𝑥𝑖 = 1, 𝑦ℎ𝑖 = 0. The resulting probability 𝑃 (𝑦ℎ𝑗 = 1 | x)
is recorded in the conditional probability matrix at position (𝑖, 𝑗),
indicating the likelihood of predicting class 𝑗 when class 𝑖 is missed.

3.3.2 Constructing a Probability-Weighted MLCM.. To address the
limitation of assuming uniform label correlations [14], the tran-
sition probability matrix (§3.3.1) is used to weight and construct
a more realistic MLCM. Following prior work, an additional row
and column are retained for NTL and NPL states to accommodate
boundary conditions. Empirical analysis of human expert diagnosis
relative to ground-truth labels reveals four characteristic scenarios:
(1) perfect match, (2) missed detection, (3) over-prediction, and
(4) mixed errors. To avoid redundancy and enable more precise

correctly predicted

class 0 is misclassified as class 1, 2, or 3

class 1 and 2 are misclassified as class 0

both missed detections and over-predictions

Category 1

Category 2

Category 3

Category 4

m = 4/2 = 2

m = 4/4 = 1

m = 4/3 = 1.33

m = 4/2 = 2

Transition Probability Matrix

Only consider missed detection 

(following the same rule as in Category 2）

Only update the diagonal elements

Figure 3: Category Contributions to MLCM (see §3.3).

assessment of human expert confidence, these four patterns are
categorized during human expert confusion matrix construction.
Category 1: Perfect Match (true labels match predicted labels).
When the true labels and predicted labels are the same (i.e.,𝑋 = 𝑌ℎ),
the confusion matrix is updated as follows:

𝐶 [𝑖, 𝑖] ← 𝐶 [𝑖, 𝑖] +𝑚, (7)

where𝑚 is the weight for the perfect match and is computed as,

𝑚 =
𝑛

𝑚𝑎𝑥 (𝑁𝑇, 𝑁𝑃) , (8)

where 𝑁𝑇 and 𝑁𝑃 denote the numbers of true and predicted labels
for a given instance. When both are zero (𝑋 = 0, 𝑌ℎ = 0), the
confusion matrix is updated as follows,

𝐶 [𝑁𝑇𝐿, 𝑁𝑃𝐿] ← 𝐶 [𝑁𝑇𝐿, 𝑁𝑃𝐿] + 𝑛, (9)

which handle cases with no true or predicted labels.
Category 2: Missed Detection (unpredicted true labels exist).
When the human expert misses a true label (i.e., ∃𝑖 (𝑥𝑖 = 1 ∧ 𝑦ℎ𝑖 =

0) ∧ ∀𝑗 (𝑦ℎ𝑗 = 1)), the confusion matrix is updated as follows,

𝐶 [𝑖, 𝑗] ← 𝐶 [𝑖, 𝑗] +
𝑊𝑖 𝑗 ·𝑚∑𝑛
𝑘=0𝑊𝑖𝑘

, (10)

where𝑊𝑖 𝑗 denotes the probability of misclassifying category 𝑖 as 𝑗
in the transition probability matrix. When predicted labels are zero
(𝑌ℎ = 0), the confusion matrix is updated as follows,

𝐶 [𝑖,NPL] ← 𝐶 [1,NPL] +𝑚. (11)

Category 3: Over-prediction (extra false positives exist). When
the expert predicts a non-existent condition (i.e., ∃𝑖 (𝑥𝑖 = 0 ∧ 𝑦ℎ𝑖 =

1) ∧ ∀𝑘 (𝑦ℎ
𝑘
= 1)), the confusion matrix is updated as follows,

𝐶 [𝑘, 𝑖] ← 𝐶 [𝑘, 𝑖] + 𝑊𝑘𝑖∑
𝑊𝑘𝑖 ·𝑚

. (12)

Category 4: Mixed Errors (both missed and over-predicted la-
bels). When both missed detections and over-predictions occur
(i.e., ∃𝑖 (𝑥𝑖 = 1 ∧ 𝑦ℎ𝑖 = 0) ∧ ∃ 𝑗 (𝑦ℎ𝑗 = 1) and ∃𝑝 (𝑥𝑝 = 0 ∧ 𝑦ℎ𝑝 =

0) ∧ ∃𝑞 (𝑦ℎ𝑞 = 1)), only the missed detection case is considered,
following Category 2’s rule, to avoid redundant calculations. Fol-
lowing these steps, we constructed an MLCM for assessing the
confidence of human experts, as detailed in Algorithm 1.

To provide an intuitive illustration of our method, the detailed
calculation process is presented in Figure 3. We show one represen-
tative example for each of the four categories, including the ground
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truth labels (𝑋 ), human expert diagnosis (𝑌ℎ), and the correspond-
ing transition probability matrix (𝑊 ):

① Category 1: Both class 0 and class 1 are correctly predicted.
To minimize the overall error, we normalize the MLCM such that
the sum of all entries equals the number of labels 𝑛. Accordingly,
𝑚 = 4

2 = 2, yielding 𝐶00 = 2 and 𝐶11 = 2.
② Category 2: Class 0 is misclassified as class 1, 2, or 3, while

the other classes are correctly predicted. First, we compute𝑚 =
4
4 = 1. The correctly predicted labels have the following updates:
𝐶11 = 1,𝐶22 = 1,𝐶33 = 1. For the mispredicted labels, the transition
probability matrix elements are𝑊01 = 0.05,𝑊02 = 0.04,𝑊03 = 0.05.
The value for 𝐶01 is computed as:

𝐶01 =
𝑊01

𝑊01 +𝑊02 +𝑊03
·𝑚 = 0.36. (13)

Similarly, we obtain 𝐶02 = 0.29 and 𝐶03 = 0.36.
③ Category 3: Class 1 and class 2 are mostly correctly predicted,

with some misclassified as class 0. First, we compute𝑚 = 4
3 = 1.33.

The correctly predicted classes are updated as: 𝐶11 = 1.33, 𝐶22 =

1.33. For the mispredicted labels, the transition probabilities are
𝑊10 = 0.15,𝑊20 = 0.03. The value for 𝐶10 is computed as:

𝐶10 =
𝑊10

𝑊10 +𝑊20
·𝑚 = 1.11. (14)

In a similar manner, we obtain 𝐶20 = 0.22.
④ Category 4: Both missed detections and over-predictions oc-

cur. To avoid redundant computation, only the missed detection is
considered, following the same rule as in category 3.

3.4 Label-Specific MoE
We propose a label-specific MoE decision fusion module that dy-
namically selects and aggregates multiple expert models according
to input relevance. It is particularly suitable for multi-label classi-
fication (MLC), where different labels benefit from distinct expert
combinations. By integrating human expertise with AI models, the
proposed module enhances diagnostic performance. Our method-
ology comprises two steps: 1) recalibrating human-AI weights via
MLCM and 2) label-specific fusing human-AI decisions. We first
extract image features using a backbone network (ResNet-18). Fea-
tures are processed by a Transformer encoder that leverages MLCM
information to model human-specific decision tendencies and un-
certainties. This learned information is then used to adaptively

weight the human decisions via gating networks. Modeling label
correlations allows effective human–AI integration, reducing indi-
vidual weaknesses and improving diagnostic accuracy.

Figure 4 illustrates the detailed architecture of our proposed MoE
module. At the concatenation layer, aggregated input features are
fed into independent Feedforward Neural Networks (FNNs) per
label to produce initial weights. The MLCM undergoes iterative
information extraction through an N-layer Transformer block, after
which the refined representation is projected via a linear transfor-
mation layer to recalibrate the initial weights, specifically adjusting
the human expert contributions. The final fusion weights for both
human experts and AI models are then generated. The implemen-
tation details will be elaborated in §3.4.1 and §3.4.2.

3.4.1 Recalibrating Human Weights via MLCM.. To capture and
enrich relational information in the confusion matrix 𝐶 (obtained
in §3.3), we compute its self-correlation 𝐶𝑇𝐶 , producing a compre-
hensive representation of confusion characteristics. The enhanced
matrix is processed by a Transformer encoder with two multi-head
self-attention layers, capturing label correlations, dependencies,
and expert-specific biases to facilitate the subsequent decision fu-
sion stage. It is formally expressed as

𝑀 =𝑇𝑟𝑎𝑛𝑠 𝑓 𝑜𝑟𝑚𝑒𝑟𝐸𝑛𝑐𝑜𝑑𝑒𝑟 (𝐶𝑇𝐶) ∈ R𝑛×𝑑 , (15)

where𝑀 is a matrix, with each row as a 𝑑-dimensional embedding
of a label’s enriched features for human-AI fusion.

Within the Transformer encoder, an attention mechanism quan-
tifies misclassification relationships. For each label 𝑖 , the model
computes an attention score for every label 𝑗 based on learned
query and key vectors, capturing how strongly label 𝑖 attends to
label 𝑗 and revealing confusion patterns.

𝛼𝑖 𝑗 =
exp(𝑞𝑇𝑖 𝑘 𝑗/

√
𝑑)∑𝑛

𝑘=1 exp(𝑞𝑇𝑖 𝑘𝑘/
√
𝑑)

, (16)

where 𝑞𝑖 , 𝑘 𝑗 ∈ R𝑑 are the query and key vectors for labels 𝑖 and
𝑗 . The attention weights 𝛼𝑖 𝑗 measure the likelihood that label 𝑖
is confused with label 𝑗 , capturing misclassification patterns and
correlations. These distributions are used to compute contextualized
label embeddings, forming the final output𝑀 in Eq. (15).

During human-AI fusion, to determine the allocation of weights
for human experts, we recalibrate expert confidence based on the
information extracted by the Transformer encoder. Specifically, the
output features 𝑀 ∈ R𝑛×𝑑 are projected into an expert-specific
decision space via a linear transformation𝑊𝑝 ∈ R𝑑×𝐸 . This pro-
duces confusion influence factors 𝜆 ∈ R𝑛×𝐸 , which quantify the
trust assigned to human expert decisions for each label:

𝜆 =𝑊𝑝𝑀 + 𝑏𝑝 , (17)

where 𝜆 ∈ R𝑛×𝐸 , 𝐸 denotes the number of experts, and 𝑏𝑝 is the
corresponding bias term.

The confusion influence factors 𝜆 are input into the gating net-
works to recalibrate expert weights. This amplifies expert influence
on confident labels and reduces it on error-prone labels, improving
the reliability and performance of human-AI fusion.

3.4.2 Label-Specific Fusing Human-AI Decisions. In MLC, human
experts and AI models exhibit inherent heterogeneity, as their dif-
fering feature focus leads to varying prediction accuracy. We adopt
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Algorithm 2 CentaurMD: Human-AI Decision Fusion Process

Require: Ground truth labels X, human predictions Yℎ , AI predic-
tions Y𝑚 , medical image;

Ensure: Final predictions Y;
1: Phase 1: Assessing Human Expert Confidence
2: Compute transition probability matrix𝑊
3: Construct MLCM 𝐶 [𝑖, 𝑗]+ =𝑚

𝑊𝑖 𝑗 ·𝛽𝑖 𝑗∑
𝑊𝑖𝑘

4: Phase 2: MoE-Based Fusion Training
5: while early stopping criterion not met do
6: Extract image features x using CNN
7: Encode𝐶 using Transformer to obtain latent representation
8: Generate initial weights 𝐺0 (x) via gating networks
9: Recalibrate weights 𝐺̃ = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝐺0 (x) ⊙ 𝜎 (𝜆))
10: Fuse expert predictions: Ŷ = 𝐺̃ℎ ⊙ Yℎ + 𝐺̃𝑚 ⊙ Y𝑚

11: end while
12: Phase 3: Inference
13: Given test image, x and MLCM representation
14: Output final predictions: Y = I[Ŷ > 𝜃 ], 𝜃 = {𝜃1, . . . , 𝜃𝑛}

an MoE architecture for human-AI fusion, inspired by the HQS ap-
proach [36]. The HQS approach combines task-specific and shared
experts to improve MLC performance. Central to MoE are gating
networks that adaptively select and weight experts. Our gating
network dynamically assigns weights to human and AI decisions
using input features and decision outputs, enabling personalized,
context-aware fusion. Specifically, we implement disease-specific
four-layer neural gating networks with feature compression and
confusion matrix recalibration to generate adaptive weights.
Initial Weight Generation. Due to divergent prediction capa-
bilities of human experts and AI models across labels, each label
category employs a dedicated gating network. A four-layer fully
connected network maps the 𝑑-dimensional image features to ex-
pert weight space, using LeakyReLU (𝛼 = 0.01) activation to en-
hance gradient flow. The initial weights are computed as

𝐺0 (x) = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑊𝑔3 · 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈 (𝑊𝑔2 ·
𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈 (𝑊𝑔1 · x + 𝑏1) + 𝑏2)), (18)

where𝑊𝑔𝑖 is the 𝑖𝑡ℎ fully connected layer weights.
We apply Layer Normalization (LN) after the second linear trans-

formation and Dropout after the first nonlinearity during training
to improve generalization and training stability.
Confusion Matrix Recalibration. The confusion influence factor
𝜆 (obtained in §3.4.1) is fused with dynamically generated weights
𝐺0 via Hadamard product to adjust the recalibrated expert weights:

𝐺̃ = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝐺0 (x) ⊙ 𝜎 (𝜆)), (19)

where ⊙ denotes element-wise multiplication with the broadcast-
ing mechanism, and 𝜎 (·) represents the Sigmoid function, which
constrains the confusion factor to the interval (0, 1).
Human-AI Fusion Mechanism. The fused prediction combines
the expert outputs 𝑦ℎ and 𝑦𝑚 with learned weights to obtain the
final probability fusion result 𝑦 ∈ [0, 1]:

𝑦 = 𝐺̃ℎ ⊙ 𝑦ℎ + 𝐺̃𝑚 ⊙ 𝑦𝑚, (20)

where 𝐺̃ℎ is the first column of 𝐺̃ , 𝐺̃𝑚 is the second column of 𝐺̃ .
Specifically, 𝐺̃ℎ represents the human expert weights for each label,
and 𝐺̃𝑚 represents AI model weights for each label.

Label-Specific Thresholds. To convert the probabilistic outputs
𝑦𝑖 into binary predictions, we adopt a label-specific thresholding
strategy. Instead of applying a uniform threshold (e.g., 0.5) across
all labels, which may lead to suboptimal performance due to label
imbalance and varying difficulty, we optimize a separate threshold
𝜃𝑖 for each label 𝑖 . This approach enables more fine-grained decision
boundaries tailored per class. Formally, the set of thresholds are
denoted as 𝜃 = {𝜃1, ..., 𝜃𝑛} ∈ [0, 1]𝑛 . These thresholds are optimized
using a grid search strategy on a held-out validation set to minimize
the Hamming loss, a common metric for multi-label tasks:

𝜃𝑖 = arg min
𝜃 ∈[0,1]

HammingLoss
(
𝑦val𝑖 , I(𝑦val𝑖 ≥ 𝜃 )

)
. (21)

The final binary prediction for label 𝑖 is then made as follows,

𝑦𝑖 =

{
1, 𝑦𝑖 ≥ 𝜃𝑖
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

. (22)

This method ensures binary decision boundaries are empirically
calibrated for each label, improving overall multi-label performance.

During human-AI decision fusion, weights are assigned by jointly
considering image features and decisions. Moreover, due to the
heterogeneity of multi-label classification, it is necessary to design
label-specific gating networks and thresholds. In summary, the
training process of our framework is presented in Algorithm 2.

4 EXPERIMENTS
4.1 Experimental Settings
4.1.1 Real Datasets. To validate the effectiveness of our method,
we conduct experiments on three public multi-label clinical datasets.

The ChestX-ray[19, 32] dataset, released by the National Insti-
tutes of Health (NIH), is a widely used for multi-label disease classi-
fication. We focus on four clinically significant conditions: Fracture,
Pneumothorax, Airspace Disease, and Nodule or Mass. Each radio-
graph may exhibit multiple abnormalities. The dataset contains
4,375 chest X-rays with 13,080 annotations from 22 radiologists,
with ground truth set by consensus of three radiologists.

The S12L-ECG[23] dataset from the Telehealth Network of Mi-
nas Gerais (TNMG) contains 827 12-lead ECG recordings with six
cardiac conditions: 1dAVb, RBBB, LBBB, SB, AF, and ST. Annota-
tions were independently done by three experienced cardiologists,
with final labels set by consensus following the protocol in [23].

The LID-FFA [35] dataset includes 5,435 fundus fluorescein an-
giography (FFA) images from 500 patients using the Spectralis
HRA+OCT system. It covers six categories: Leakage (L), Trans-
mission and Pooling (TP), Staining (ST), Shadowing (SH), Non-
Perfusion (NP), and Vessel Abnormality (VA). Original annotations
from ophthalmologists are not available, and only the ground truth
labels have been retained. For experiments, simulated expert anno-
tations were generated with an accuracy of 90%.

4.1.2 Baselines. We compare our method with several baselines:
(1) human experts only, (2) AI models only (using different neu-
ral networks like ResNet18, VGG19 and AlexNet), and (3) existing
human-AI joint decision methods CHM [12], HAIT [8], JSF [13]
and L2D-CL [35]. The CHM [12] develops a probabilistic combi-
nation strategy that fuses the model’s confidence scores with hu-
man predictions. The HAIT method [8] introduces a joint training
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Table 1: Performance comparison on ChestX-ray, S12L-ECG, and LID-FFA datasets.

Methods ChestX-ray Dataset S12L-ECG Dataset LID-FFA Dataset

Hamming Loss AUC MAP MMR Hamming Loss AUC MAP MMR Hamming Loss AUC MAP MMR

Human Only 0.0708 0.7946 0.5119 0.6639 0.0067 0.8731 0.9492 0.7626 0.1083 0.8955 0.8907 0.9052
AI model Only [7] 0.0830 0.7976 0.5189 0.4411 0.0093 0.9753 0.9990 0.6889 0.1711 0.8218 0.8521 0.8332
CHM [12] 0.0647 0.8803 0.6994 0.6648 0.0027 - - 0.7848 0.0873 0.9463 0.9576 0.9123
HAIT [8] 0.1062 0.6913 0.4115 0.4666 0.0067 - 0.7276 0.7626 0.1083 0.8689 0.9009 0.9021
JSF [13] 0.1133 0.7374 0.3967 0.3118 0.0067 - 0.7276 0.7626 0.1558 0.8378 0.8887 0.8587
L2D-CL [35] 0.0684 0.7097 0.4264 0.8864 0.0064 0.9242 0.8509 0.7523 0.1040 0.8257 0.8602 0.8827

CentaurMD (Ours) 0.0611↓ 0.8886 ↑ 0.7024 ↑ 0.7172 ↑ 0.0015 ↓ 0.9753 ↑ 0.9990 ↑ 0.8070 ↑ 0.0848 ↓ 0.9627 ↑ 0.9638 ↑ 0.9202 ↑
w/o MLCM 0.0707 0.7986 0.5186 0.6641 0.0097 0.9885 0.7910 0.6884 0.1012 0.9402 0.9522 0.9108
w/o Gating Network 0.0731 0.8669 0.6063 0.5460 0.0293 0.3798 0.2630 0.0000 0.1104 0.9484 0.9479 0.8968
w/o Label-Spec. Thres. 0.8231 0.8883 0.6986 0.2667 0.9707 0.9990 0.8128 0.0560 0.3645 0.9548 0.9572 0.7615

Table 2: Performance of CNN-based AI Models

Methods Hamming Loss AUC MAP MMR

AI Model (ResNet18) 0.0830 0.7976 0.5189 0.4411
AI Model (VGG19) 0.0942 0.7988 0.5042 0.4555
AI Model (AlexNet) 0.1018 0.7603 0.4223 0.2053

framework that simultaneously learns a classifier and an instance
allocation strategy, assigning each sample to the most suitable de-
cision maker, whether a human expert or an AI model. The JSF
introduces a joint sparse framework for multi-label classification,
where a set of 𝑚 + 1 binary sigmoid classifiers is trained. Each
instance is assigned to the human or model with the highest acti-
vation score. The L2D-CL [35] proposes a new loss function based
on the learn-to-defer framework to mitigate underfitting.

4.1.3 Metrics. We evaluate our method using four widely adopted
multi-label classification metrics: Hamming Loss, AUC, MAP, and
MMR. Hamming Loss computes the proportion of misclassified la-
bels across samples and disease categories, while AUCmeasures the
probability that a randomly chosen positive instance ranks above a
negative one. MAP evaluates ranking quality by computing the av-
erage precision (AP) for each label and averaging over labels. MMR
quantifies the ability to jointly reduce the FNR and FPR, as defined
in Equation 2. These metrics enable a comprehensive evaluation of
our method’s performance in multi-label disease diagnosis.

4.2 Overall Performance
Table 1 shows consistent improvements of our framework across
all datasets. Compared to human experts alone, it reduces Ham-
ming loss by 13.70%, 77.61%, and 21.70%, while improving MMR
by 8.03%, 5.82%, and 1.66%, respectively. Relative to AI-only base-
lines (ResNet18), Hamming loss decreases by 26.39%, 83.87%, and
50.44%, withMMR gains of 62.59%, 17.14%, and 10.44%. Furthermore,
our framework consistently outperforms existing fusion methods
(CHM, HEIT, JSF, L2D-CL), achieving an average Hamming loss
reduction of 39.14% and an average MMR improvement of 17.38%.
These results highlight its effectiveness in reducing diagnostic er-
rors via human-AI collaboration. In addition, variance analysis
further shows significantly improved robustness over existing ap-
proaches across datasets of varying scales and clinical settings.

To intuitively compare methods, we present a multi-metric radar
chart for the ChestX-ray dataset in Figure 5(a). All metrics are
normalized, with Hamming loss inverted so larger polygon areas
indicate better performance. Our method yields the largest, most
rounded area, demonstrating balanced and superior performance.

Hamming
Loss

AUC

MAP

MMR

CHM
HAIT

JSF
L2D-CL

Ours

(a) Result on the ChestX-ray.

0.80 0.82 0.84 0.86 0.88 0.90
Human Accuracy

0.75

0.80

0.85

0.90

0.95

F1
-s

co
re

Fusion Human AI

(b) MMR across acc.

0.80 0.82 0.84 0.86 0.88 0.90
Human Accuracy

0.05

0.10

0.15

0.20

0.25

H
am

m
in

g 
Lo

ss
Fusion Human AI

(c) Hamming loss across acc.

Group 1 Group 2 Group 3
Different Groups

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Pe
rf

or
m

an
ce

AUC
MAP

F1-score
Hamming Loss (×10)

(d) Performance on diff. groups
Figure 5: Performance on Multiple Perspectives. (d) Group 1
(Human + ResNet18), Group 2 (Human + ResNet18 + VGG19),
Group 3 (Human + ResNet18 + VGG19 + AlexNet).

4.3 Performance Across Human Accuracy
To evaluate the effectiveness of our framework across varying levels
of human expertise, we simulated human experts with accuracies
ranging from 0.80 to 0.90 on the LID-FFA dataset. These decisions
fused with a ResNet-18 model to evaluate performance in terms of
the MMR and Hamming loss (see Fig. 5 (b) and (c)). The results show
that the fusion approach outperforms both human-only and AI-only
methods. As human expert accuracy increases, MMR steadily rises
while Hamming loss correspondingly decreases, demonstrating the
framework’s adaptability to varying expertise levels.

4.4 Ablation Study
To comprehensively assess each module’s contribution to overall
performance, we conduct ablation experiments across all datasets,
analyzing the effects of the Multi-Label Confusion Matrix (MLCM),
gating network, and label-specific thresholds. Removing MLCM
causes substantial performance degradation, with Hamming loss
increasing by 13.58%, 84.54%, and 89.88%, and MMR decreasing by
8.00%, 17.23%, and 1.02%, confirming its key role in modeling expert
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Figure 6: Comparison of MLCMDiagonal and Human Recall.

bias and label correlations. Replacing the proposed gating network
with conventional stacking methods further raises Hamming loss
to 0.0731, 0.0293, and 0.1104, while reducing MMR to 0.5460, 0.0000,
and 0.8968, underscoring the necessity of this design. The sharpest
performance drop occurs when label-specific thresholds are re-
placed by a fixed 0.5, leading to drastic increases in Hamming loss
and decreases in MMR across all datasets, highlighting label het-
erogeneity and the critical importance of threshold customization.
Collectively, these results demonstrate that MLCM corrects expert
bias, the gating network adaptively adjusts human–AI weights, and
label-specific thresholds ensure reliable clinical predictions, jointly
enabling the robust performance of the proposed framework.

4.5 Scalability Analysis
To validate the scalability, we configured various human-AI groups
by sequentially incorporating ResNet18, VGG19, and AlexNet into
the baseline human expert setting on the ChestX-ray dataset. As
shown in Table 2, the performance of individual AI models progres-
sively decreased, with Hamming Loss values of 0.0830, 0.0942, and
0.1018, and corresponding MMR of 0.4411, 0.4555, and 0.2053, re-
spectively, indicating inferior performance compared to the human
expert. Nevertheless, as illustrated in Figure 5(d), model perfor-
mance improves with the addition of AI models. Specifically, com-
pared to Group 1, the inclusion of VGG19 yields an approximate
2% improvement in MMR and a 4% reduction in Hamming Loss.
Further addition of AlexNet achieves an additional 2.8% increase in
MMR and a 6% overall decrease in Hamming Loss relative to the
baseline. These results demonstrate the method’s scalability.

4.6 Validating the Effectiveness of MLCM
To assess whether the MLCM reliably reflects human expert confi-
dence, we compare its diagonal elements with label recall. As shown
in Equation (23), recall is equivalent to the normalized MLCM diag-
onal, making this comparison a principled evaluation. Figures 6(a)
and (b) show that their difference is below 0.025 for all labels and
that they exhibit a strong linear correlation (Pearson 𝑟 = 0.984), con-
firming that the MLCM accurately reflects expert confidence. The
horizontal axis in Figure 7(a) corresponds to the labels, which are
Fracture, Pneumothorax, Airspace Opacity, and Nodule Or Mass.

𝑅𝑒𝑐𝑎𝑙𝑙𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

= 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 (𝐶𝑖𝑖 ), (23)

where 𝐶𝑖𝑖 denotes the diagonal element of the row-normalized
MLCM, corresponding to the recall for class 𝑖 .
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Figure 7: Visualizations of the evolution of MLCM across
different modules on the ChestX-ray dataset.

4.7 Visualizing the Evolution of MLCM
To investigate the evolution of the MLCM within our framework,
we visualize its key transformation steps, as illustrated in Figures 7.
Figure 7(a) depicts the MLCM derived from the ChestX-ray dataset,
with diagonal elements MLCM[𝑖, 𝑖] represent correctly predicted
instances for label 𝑖 . Figure 7(b) shows the autocorrelation matrix
𝐶𝑇𝐶 , where the diagonal elements measure the strength of each
label’s relationship with itself. Figure 7(c) illustrates the semantic
correlation matrix generated by the Transformer encoder, with
diagonal elements indicating the semantic correlation strength of
each label. Figure 7(d) shows SoftMax-normalized attention weights
refining expert contributions, with diagonals indicating each label’s
final confidence. In summary, the transition from Figures 7(a) to (d)
demonstrates the model’s structural interpretability.

5 CONCLUSION
In this paper, we propose a novel Human-AI Decision Fusion frame-
work that integrates experienced human experts with the global
modeling capabilities of AI models to improve multi-label med-
ical diagnosis. Specifically, we introduce a probability-weighted
MLCM construction approach to accurately assess human expert
confidence, providing a foundation for informed weight allocation
in decision fusion. Furthermore, we develop an MoE-based fusion
strategy that calibrates the initial gating weights via the MLCM
and refines the final predictions using label-specific thresholds. A
Transformer encoder is employed to effectively extract information
from the MLCM for more precise weight assignment. Extensive
experiments on three publicly available real-world datasets demon-
strate the effectiveness and efficiency of our method. Future work
will address label imbalance to further improve fusion performance.
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