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Abstract

The growing demand for interpreting Computed Tomography (CT) scans has driven the
adoption of deep learning techniques, particularly Convolutional Neural Networks (CNNs),
to assist physicians in managing their increasing workload. However, CNNs typically re-
quire large, well-annotated datasets to learn clinically meaningful imaging patterns, and
such datasets remain limited due to the volumetric and resource-intensive nature of CT
imaging. Incorporating physician expertise into the training process offers a promising
path to overcoming this data limitation. In this study, we introduce a Human-in-the-Loop
(HITL) workflow that enables physicians to directly guide CNN training by (1) provid-
ing feedback on model-generated attention maps and (2) validating or correcting predicted
labels. This interactive process integrates domain knowledge into both representation learn-
ing and model interpretability. We evaluate the proposed HITL workflow on a chest CT
dataset of patients with Non-tuberculous Mycobacteria (NTM) infection, a clinically chal-
lenging pulmonary disease that often requires long-term imaging follow-up to assess disease
progression. Experimental results demonstrate that the HITL approach improves disease
progression classification and produces clinically meaningful attention patterns, highlight-
ing the value of physician-guided learning in medical imaging AI.

Keywords: Computed Tomography, Human-in-the-Loop, Expert-Guided Learning, At-
tention Mechanism

1. Introduction

Computed Tomography (CT) scans provide rich volumetric information for evaluating pul-
monary abnormalities, but their interpretation is time-consuming and requires consider-
able expertise. Deep learning methods, particularly 3D Convolutional Neural Networks
(CNNs), have shown promise in assisting this process; however, their performance is often
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constrained by the scarcity of large, well-annotated datasets and the variability of physician
assessments (Singh et al., 2020; Thanoon et al., 2023). These challenges are amplified in 3D
chest CT analysis, where the large spatial complexity of volumetric data and differences in
clinical judgment among physicians can lead to inconsistent or ambiguous labels. Such am-
biguity is especially pronounced in certain pulmonary diseases—including Non-tuberculous
Mycobacteria (NTM) infection—making it difficult for models to learn stable, clinically
meaningful representations. Improving both model generalizability and interpretability for
these challenging CT datasets therefore remains a critical need.

NTM are environmental organisms found in natural and treated water sources and can
cause chronic pulmonary infections in humans. Prior studies report substantial 5-year all-
cause mortality rates (13%-45%) among patients with NTM pulmonary disease (Novosad
et al., 2017). Early identification of high-risk patients is thus essential for timely treatment
and improved outcomes. However, the standard diagnostic workflow relies on microbio-
logical species identification and culture testing, which are inherently slow and may delay
clinical decision-making (Griffith et al., 2007). To mitigate this delay, multiple physicians
often provide a preliminary consensus-based evaluation of suspected NTM cases. Although
faster, this approach is inherently subjective and less standardized than formal diagnostic
criteria (Kwak et al., 2016), leading to inconsistent assessments. Clinically, these initial eval-
uations typically categorize patients into Colonization or Disease groups, reflecting lower or
higher likelihood of true NTM infection (Catanzaro, 2002; Van Ingen et al., 2018). The re-
sulting ambiguity in labels becomes a significant obstacle for training reliable deep learning
models.

Integrating physician knowledge directly into the model training process provides a
promising strategy to address these challenges. Attention mechanisms can help 3D CNNs
focus on clinically relevant lung regions (Liu et al., 2023; Almahasneh et al., 2025), while
Human-in-the-Loop (HITL) frameworks allow physicians to interact with the model during
training by refining predictions, validating ambiguous cases, and guiding the model’s at-
tention patterns. Such expert-driven feedback has the potential to improve both predictive
performance and clinical interpretability, especially in datasets where label ambiguity plays
a critical role.

In this study, we first propose a 3D CNN with an attention mechanism that integrates
3D chest CT scans with patient demographic and microbiological data for predicting the
likelihood of NTM pulmonary infection. We further introduce a physician-guided HITL
workflow in which clinicians review model predictions and attention maps, re-examine
ambiguous cases, and provide feedback used to refine labels and guide attention during
fine-tuning—enhancing interpretability and improving model behavior.

2. Related Work

2.1. Attention Mechanism for 3D Chest CT

Deep learning techniques, particularly CNNs, have achieved remarkable success in 2D med-
ical imaging (Gu et al., 2019; Li et al., 2019b; Rai and Chatterjee, 2021). However, applying
2D CNNs with slice-based approaches (Grewal et al., 2018; Zhang et al., 2020; Yang et al.,
2021) directly to volumetric modalities such as chest CT scans often leads to the loss of
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depth-dependent information, motivating the transition to 3D CNN architectures that bet-
ter preserve spatial continuity.

To address this challenge, Zunair et al. (Zunair et al., 2020) introduced a modified 17-
layer 3D CNN, along with two depth-resampling methods: Subset Slice Selection (SSS) (Zu-
nair et al., 2019) and Spline Interpolated Zoom (SIZ). While SSS extracts a fixed subset
of slices, SIZ performs spline-based interpolation along the z-axis to preserve more of the
volumetric structure. Comparative analyses show that SIZ maintains far richer semantic
continuity and yields superior classification performance under fixed computational budgets.

In parallel, attention mechanisms have emerged as powerful tools for guiding CNNs to-
ward clinically meaningful regions in medical images (Li et al., 2019a; Suman et al., 2021;
Rahman and Marculescu, 2023). Traditional ROI-based methods—such as blacking out
background pixels (Yang et al., 2018) or cropping region-of-interest patches (Huynh et al.,
2023)—often discard important contextual cues. Attention-based approaches overcome this
limitation by incorporating ROI masks or attention maps as auxiliary inputs to the net-
work (Li et al., 2020). Prior work demonstrates that introducing the attention map at
the earliest convolutional layers provides the most significant performance gains, whereas
inserting it at deeper layers or generating multiple attention maps offers limited or no
improvement. Furthermore, the choice between additive and multiplicative merging opera-
tions has minimal effect, though additive fusion occasionally shows slight advantages (Eppel,
2018).

2.2. Human-in-the-Loop (HITL)

HITL (Monarch, 2021) has emerged as a powerful paradigm for developing machine learning
systems that are not only accurate but also adaptive, interpretable, and aligned with domain
expertise. Traditional machine learning pipelines rely heavily on expert involvement during
modeling, implementation, and evaluation, yet these conventional workflows often struggle
to maintain performance under data drift and frequently lack mechanisms for explaining
model decisions. These limitations have motivated a shift toward HITL on machine learning,
which integrates human expertise directly and iteratively into the learning loop.

The rise of Explainable AI (XAI) (Adadi and Berrada, 2018) further strengthens the
importance of HITL, especially in domains requiring trustworthy and interpretable deci-
sions. XAI methods help clarify the reasoning behind model outputs, enabling developers
to identify sources of error, validate model logic, and extract insights from models that
outperform human-level performance. When combined with XAI, HITL creates a collabo-
rative workflow in which humans and machines complement each other—leveraging human
knowledge alongside computational scalability and pattern-recognition strengths.

3. Dataset

We utilize a private NTM dataset (Liu et al., 2025) to train and evaluate our proposed
method. The dataset comprises 3D high-resolution chest CT (HRCT) scans, along with
patient demographic information (age and gender) and microbiological test results relevant
to NTM infection: the acid-fast bacillus smear test (AFS) and the acid-fast bacillus culture
test (culture).
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The dataset is divided into four subsets: 278 unique patients for training, 67 for valida-
tion, 55 for internal testing, and 196 for external testing. Three senior physicians provided
initial consensus-based assessments for each patient. These assessments were converted
into labels from 0 (Colonization) to 1(Disease), weighted according to the level of consen-
sus among the physicians.

4. Method

When evaluating patients suspected of NTM infection, physicians typically review 3D chest
CT scans together with demographic information and microbiological test results (Daley
et al., 2020). They visually inspect the CT volumes for abnormal regions and integrate
these findings with their clinical experience to form an initial assessment of infection likeli-
hood. The degree of agreement among physicians in these assessments reflects the certainty
of the diagnosis: lower consensus often indicates greater ambiguity in imaging or clinical
information, leading physicians to rely more heavily on subjective judgment. For such
low-consensus cases, a structured review process allows physicians to re-examine suspicious
regions more carefully and consistently, thereby reducing inter-physician variability and
improving the reliability of the initial assessments. We draw inspiration from this struc-
tured clinical review process to design our proposed method, which incorporates physician
feedback to guide model refinement and improve interpretability.

4.1. 3D CNN with an attention mechanism

We propose a 3D CNN with an attention mechanism that helps the model learn to attend
to clinical meaningful visual features when generating predictions. Figure 1 presents an
overview of the proposed 3D CNN-based model architecture used for NTM infection clas-
sification. Our proposed model is a mixture model consisting of two sub-models: (1) a 3D
CNN with an attention mechanism for extracting visual features from chest CT scans, and
(2) a multi-layer perceptron (MLP) for extracting clinical features from patient demograph-
ics and microbiological test results.

For the CNN sub-model, each chest CT scan is paired with its corresponding attention
map highlighting regions that the model should focus on. Both the CT scan and its attention
map are first processed through separate convolutional layers in parallel for generating their
feature map, respectively, and then merged into a single feature map representing high-level
attended CT features. This merged feature map is further processed through the remaining
CNN layers to generate visual features for NTM infection likelihood prediction. For the
MLP sub-model, fully connected linear layers are applied to compress the patient’s non-
imaging data demographics and microbiological test results into clinical features. Finally,
the visual features from the CNN and the clinical features from the MLP are concatenated
and fed into a classifier for binary prediction (Colonization vs Disease) of NTM infection.

4.2. HITL Process

To further support decision-making in low-consensus cases, we introduce a physician-
guided HITL workflow. In this process, physicians interact with the model by reviewing
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Figure 1: The proposed attention–based model for predicting the NTM infection likelihood.
Physician-guided attention is incorporated to refine feature learning and enhance clinical
relevance during fine-tuning in HITL process.

predicted NTM infection likelihoods and attention heatmaps highlighting relevant CT re-
gions. They provide feedback on these outputs and record revised assessments. Both the
feedback and updated assessments are then used to fine-tune the model, enabling it to
adjust its decision-making and reasoning patterns based on expert advisement.

Figure 2 illustrates the proposed workflow of HITL process. In each round, physi-
cians review the model’s NTM infection likelihood predictions and corresponding attention
heatmaps on CT volumes, provide re-examined assessments, and offer feedback on the use-
fulness of the model outputs. This feedback loop allows the model to gradually adjust its
decision patterns and align more closely with the expert reasoning.

4.2.1. HITL Process - Preparation (Round 0)

Before the iterative HITL rounds begin, we prepare the data and train an initial base model.

• Data Preparation Since only low-consensus cases require physician re-examination,
full-consensus and low-consensus cases are partitioned differently. Full-consensus cases
are directly divided into training, validation, and testing sets. Low-consensus cases
are split into R+1 folds, and these folds are sequentially incorporated into the training
set as the HITL process progresses.

• Base Model Training The base model M0 is trained using the data combination of
the training set of full-consensus cases and the 0th fold of low-consensus cases. The
initial physician assessments s0 are averaged to obtain the initial label l0. The lung
segmentation mask generated using a pre-trained BCDU-Net (Azad et al., 2019) is
used as the initial attention map a0 guiding the CNN to prioritize lung regions where
NTM-related features may appear (Daley et al., 2020).
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4.2.2. HITL Process

After Round 0, the iterative HITL process begins. Each round r involves: (1) training
data collection, (2) previous model inference, (3) physician re-examination, and (4) model
fine-tuning. A total of N physicians participate in every re-examination round.

For each round r, the steps proceed as follows:

• Step 1: Training Data Collection
The training data includes the full-consensus training set and the rth fold of low-
consensus cases. Each sample contains a 3D chest CT scans xCT and its corresponding
binary lung segmentation mask xlungseg.

• Step 2: Previous Model Inference
Using the model M r−1 from the previous round we generate: (1) the predicted NTM
infection likelihood pr, and (2) the Grad-CAM (Selvaraju et al., 2017)–based attention
heatmap hr on CT volumes using data in rth fold of low-consensus cases.

• Step 3: Physician Re-examination
Each physician i reviews the predictions pr and heatmaps hr then provides: (1) a re-
examined assessment sri , and (2) a binary feedback indicator f r

i , specifying whether
the model outputs were helpful.

The re-examined assessments are considered more reliable than the original ones be-
cause they incorporate physicians’ reflections informed by the model. Thus, the new
label lr for fine-tuning is the averaged only on re-examined assessments sri :

lr =
1

N

N∑
i=1

sri (1)

• Step 4: Model Fine-tuning

– Step 4-1: Feedback-weighted Attention Map Construction
Positive feedback indicates that physicians find the model’s output helpful, sug-
gesting that the previous attention heatmap is likely highlighting regions that
align with their diagnostic focus. In this case, the model should be encouraged
to attend more strongly to those regions. Conversely, negative feedback suggests
that the highlighted areas do not match the physicians’ clinical priorities, and
attention to those regions should be diminished.

Physician feedback is converted into numeric values:

f̂ r
i =

{
+1 if feedback f r

i is positive

−1 if feedback f r
i is negative

(2)

Then, the overall feedback weight can be defined as:

W r
feedback =

1

N

N∑
i=1

f̂ r
i (3)
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The new attention map ar combines the lung segmentation mask and the feedback-
adjusted Grad-CAM heatmap:

arlungseg = Wlungseg × xlungseg

arheatmap = Wheatmap ×W r
feedback × hr

ar = arlungseg + arheatmap

(4)

Positive feedback strengthens the influence of the model’s previous attention;
negative feedback attenuates it.

– Step 4-2: Case-level Attention in the Loss Function
To further emphasize uncertain cases, we apply higher case-specific weights on
cases which are low-consensus at previous round in the binary cross-entropy loss
based on how inconsistent the previous model’s predictions pr−1 were with the
new re-examined label lr:

WBCELoss =

{
1 if lr−1 is full-consensus

1 + (pr−1 − lr) if lr−1 is low-consensus
(5)

The HITL process concludes once all R + 1 folds of low-consensus data have been
processed.

After completing the HITL procedure, each participating physician is also asked to fill
out a quantitative questionnaire evaluating the overall usefulness and clinical reasonable-
ness of the model’s predicted NTM infection likelihood and its corresponding attention
heatmaps on the 3D chest CT volumes. These responses are used to assess how effectively
the HITL workflow supports physicians during the re-examination of uncertain NTM cases.
The questionnaire design, the physicians’ responses collected during the HITL process, and
the corresponding analysis incorporating their re-examination results are provided in Ap-
pendix B.

5. Implementation Details

The base model M0 was trained for 100 epochs, and in each subsequent HITL round,
the model M r was fine-tuned for 50 epochs. The base model was initialized with random
weights, whereas each fine-tuned model inherited the weights from the model obtained in the
previous round. All models—including both the base model and the fine-tuned models—
were trained in a fully unfrozen setting, with no layers held fixed.

A batch size of 8 was used for all experiments. Optimization was performed using the
Adam optimizer (Kingma, 2014) with a learning rate of 10−2. All training procedures were
conducted on a GPU equipped with 24GB of memory.

Figure A.1 summarizes the number of cases in each data split for both the full-consensus
and low-consensus groups. In each HITL round, 3 senior physicians are invited to participate
in the re-examination process. Both Wlungseg and Wheatmap are set to 1, assigning equal
importance to the lung segmentation mask and the model-generated attention heatmap
during model fine-tuning. The attention map ar is then normalized to the range [0, 1].
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Figure 2: Workflow of the proposed physician-guided attention HITL process. In each
HITL round, senior physicians review the model’s predictions and Grad-CAM heatmaps,
re-examine for new assessments, and provide feedback indicating model usefulness. These
physician-guided annotations are then used to update both the class labels and the attention
map, which are incorporated into fine-tuning for the next HITL round.
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6. Experiment Results

6.1. Quantitative Results

As shown in Table 1, on the internal testing set, our model attains an AUROC of 0.9163
(+∆0.0380) relative to the baseline. On the external testing set, it achieves an AUROC
of 0.8003 (+∆0.0784), accuracy of 0.7245 (+∆0.0204), sensitivity of 0.7558 (+∆0.0930),
specificity of 0.7000 (–∆0.0364), F1-score of 0.7065 (+∆0.0437), and Youden’s index of
0.4558 (+∆0.0566). These results demonstrate that the proposed HITL process improves
the model’s generalizability to external data while preserving performance on the original
data distribution.

Table 1: Evaluation on the internal and external testing sets for models trained without
(w/o) and with (w/) the HITL process. The 95% confidence intervals are reported. Best
results are in bold.

Metrics Internal Testing External Testing

w/o HITL training
(baseline)

AUROC 0.8783 (0.8142–0.9337) 0.7219 (0.6439–0.7950)
Accuracy 0.8167 (0.7500–0.8833) 0.7041 (0.6327–0.7653)
Sensitivity 0.7143 (0.6429–0.8276) 0.6628 (0.5732–0.7191)
Specificity 0.9062 (0.8065–1.0000) 0.7364 (0.6415–0.8214)
F1-score 0.7843 (0.7273–0.8627) 0.6628 (0.5867–0.7356)

Youden’s index 0.6205 (0.4961–0.7545) 0.3992 (0.2637–0.5224)

w/ HITL training

AUROC 0.9163 (0.8646–0.9554) 0.8003 (0.7568–0.8774)
Accuracy 0.7833 (0.7167–0.8500) 0.7245 (0.6837–0.7653)
Sensitivity 0.6429 (0.5172–0.7857) 0.7558 (0.6757–0.8193)
Specificity 0.9062 (0.7812–0.9355) 0.7000 (0.5981–0.7642)
F1-score 0.7347 (0.6522–0.8302) 0.7065 (0.6329–0.7500)

Youden’s index 0.5491 (0.4333–0.6920) 0.4558 (0.3846–0.5449)

6.2. Ablation Studies

To assess the contribution of the proposed physician-guided attention mechanism within the
HITL framework, we conduct a series of ablation experiments by systematically enabling
or disabling 4 key components of the attention design. Specifically, we examine the model’s
performance under the following conditions: (1) Normalization (Norm.): whether the
attention map is normalized to the range [0, 1]; (2)Convert as Binary (Binary.): whether
the attention map is converted into a binary mask (analogous to the representation of
the lung segmentation mask); (3) Freeze Convolutional Layers (Freeze.): whether
the convolutional layers are frozen during fine-tuning; and (4) Weights of Attentions
(Weights.): how varying the values of Wlungseg and Wheatmap, thereby modulating the
relative importance of the lung segmentation mask and the Grad-CAM-derived heatmap,
influences overall model performance.

6.3. Qualitative Results

Figure 3 and Figure C.1 illustrates the model’s attention heatmaps on 3D chest CT scans
generated using Grad-CAM. The results show that the heatmaps shift not only in response
to physicians’ revised assessments during re-examination but also according to their feed-
back regarding the usefulness and reasonableness of the model’s outputs. This demonstrates
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Table 2: Ablation study evaluating the impact of different attention mechanism settings.
For each group, the best performance is highlighted with a gray while the Best among best

of each group is highlighted with a deep gray .

Experiment Settings Performance Evaluation

Norm. Binary. Freeze.
Weight.

(Wlungseg,Wheatmap)
Internal
Testing

External
Testing

AUROC Accuracy AUROC Accuracy
(1, 1) 0.8739 0.8333 0.8074 0.7398
(2, 1) 0.8717 0.7500 0.7929 0.6684
(1, 2) 0.8571 0.8000 0.7551 0.6990
(1, 1) 0.9163 0.7833 0.8003 0.7245
(2, 1) 0.8772 0.7833 0.7200 0.6531
(1, 2) 0.8962 0.8000 0.8016 0.7245
(1, 1) 0.8471 0.7667 0.7842 0.7194
(2, 1) 0.8895 0.8333 0.7737 0.6684
(1, 2) 0.8962 0.8500 0.7818 0.6786
(1, 1) 0.8438 0.7667 0.7087 0.6429
(2, 1) 0.8549 0.7500 0.6790 0.6786
(1, 2) 0.8996 0.8000 0.8098 0.7194
(1, 1) 0.8850 0.7667 0.7870 0.7245
(2, 1) 0.8650 0.7833 0.7289 0.6837
(1, 2) 0.8839 0.7500 0.7197 0.7143
(1, 1) 0.8438 0.7833 0.7207 0.6939
(2, 1) 0.8538 0.7667 0.6572 0.7041
(1, 2) 0.8147 0.7167 0.5823 0.5714

that the proposed HITL process effectively enables the model to incorporate physician-
guided supervision and adapt its attention accordingly.

Figure 3: An example comparison of model predictions and Grad-CAM attention heatmaps
before and after applying the HITL process.

7. Conclusion

In this work, we introduce a physician-guided HITL framework that integrates expert feed-
back into the attention mechanism of a 3D CNN for predicting NTM infection likelihood
from chest CT scans and clinical data. Qualitative analysis further demonstrates that the
model’s Grad-CAM heatmaps adapt in response to physician re-examination and usefulness
feedback to model’s output, indicating that the HITL process effectively steers the model
toward more clinically meaningful attention patterns.
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Appendix A. Data Split of the Full-consensus and Low-consensus Subsets

Figure A.1 summarizes the distribution of cases across the training, validation, and testing
splits for both the full-consensus and low-consensus subsets.

Appendix B. Questionnaire Design, Results and Analisys for Model’s
Usefulness and Reasonableness to Physicians in HITL
Process

Table B.1 presents the questionnaire design, including both the case-level question and the
overall questions used to assess the usefulness and reasonableness of the model outputs. The
corresponding responses collected from participating physicians during the HITL process
are summarized in Table B.2. Furthermore, Table B.3 provides an integrated analysis of
the questionnaire results together with the physicians’ re-examination outcomes.
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Figure A.1: Data split of the full-consensus and low-consensus subsets. Low-consensus
samples in the training set are further partitioned into multiple folds for the HITL process.
No low-consensus samples are included in the testing set to ensure an objective and unbiased
performance evaluation.

Table B.1: Questionnaire evaluating for each case and the overall usefulness and clinical
reasonableness of the model’s predictions and Grad-CAM heatmaps for physicians in a
HITL round.

Case Question (C.Q.)

C.Q.
Do you think the prediction and Grad-CAM heatmap generated by the model
for this patient case is useful for re-examination?

Overall Question (O.Q.)

O.Q.1
In general, do you think the prediction generated by the model in this HITL
round is reasonable?

O.Q.2
In general, do you think the Grad-CAM heatmap generated by the model
in this HITL round is useful for re-examination?

O.Q.3
In general, do you think the provided model in this HITL round can help
doctors for re-examination?

Table B.2: The results to the questionnaire shown in Table B.1 for case question and overall
questions.

Physician ID
Case Question (C.Q.)
(# of ”Yes” over all)

Overall Question (O.Q.)
O.Q.1 O.Q.2 O.Q.3

HITL Round 1
Physician 1 2 over 28 (7.14%) Yes No No
Physician 2 8 over 28 (28.57%) Yes No No
Physician 3 16 over 28 (57.14%) Yes No Yes
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Table B.3: Analysis of the results to the questionnaire with physician’s re-examination.

Rate of the Same
as Previous

on Re-examination
Rate of

Consensus on
Re-examination

Rate of Consensus
the Same as

Model’s Predictions(for each physician)
1 2 3

HITL Round 1 42.86% 39.29% 71.43% 35.71% 28.57%

Appendix C. Comparison of Model Predictions and Grad-CAM
Attention Heatmaps Before and After Applying the HITL
Process

Figure C.1 presents a detailed comparison of the model’s predictions and Grad-CAM at-
tention heatmaps before and after applying the HITL process across several representative
scenarios. These examples highlight how physician-guided feedback influences both the
model’s decision outcomes and its attention behavior, demonstrating the effectiveness of
our proposed HITL workflow in refining the model’s focus toward clinically meaningful
regions.
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Figure C.1: Examples comparing model predictions and Grad-CAM attention heatmaps
before and after applying the HITL process across different representative scenarios.
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