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Abstract. Tuberculosis (TB) remains the leading cause of death from
an infectious agent, disproportionately affecting low-resource settings
where diagnostic infrastructure is limited. Point-of-care lung ultrasound
(POCUS) offers a portable, affordable modality for TB screening, but
clinical diagnosis requires integrating heterogeneous evidence across mul-
tiple lung zones into a single patient-level decision, a challenge not ad-
dressed by existing single-video AI systems. We propose Hierarchical
Multi-Video Multiple Instance Learning (HMV-MIL), enabling
patient-level TB detection directly from multi-video ultrasound acquisi-
tions under weak supervision. HMV-MIL aggregates diagnostically in-
formative information within and across videos to produce clinically
meaningful patient-level predictions, while auxiliary pathology supervi-
sion aligns learned features with recognizable pulmonary findings. On
a prospective cohort of 504 patients, HMV-MIL achieves 0.89 AUC,
0.82 sensitivity, and 0.75 specificity, outperforming baselines by 0.04-
0.35 AUC and approaching WHO triage performance targets. These re-
sults demonstrate the feasibility of automated TB triage using frontline-
acquired ultrasound data, supporting decentralized diagnostic assess-
ment in settings where conventional testing remains inaccessible.
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1 Introduction

Tuberculosis (TB) caused 1.23 million deaths in 2024, more than HIV/AIDS
and malaria combined, with the burden concentrated in low- and middle-income
countries [19,5]. Existing diagnostics present trade-offs: sputum microscopy de-
tects only half of pulmonary TB cases [9]; NAATs are accurate but require
stable infrastructure [7,3]; and chest radiography remains cost-prohibitive in
primary-care settings [13]. Handheld point-of-care ultrasound (POCUS) probes
offer portable, low-cost imaging by minimally trained operators [1,17], and early
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AI studies have demonstrated LUS-TB screening using expert-selected ultrasound
images meeting WHO sensitivity and specificity criteria [18]. However, most ap-
proaches analyze videos independently or rely on curated images whcih limits
scalability and does not reflect frontline acquisition workflows[16,12,14]. Raw
lung ultrasound (LUS) videos pose a harder problem: TB evidence is sparse, het-
erogeneous, and distributed across frames and bilateral thoracic zones, whereas
existing LUS AI systems typically analyze single videos or manually selected
keyframes.

We introduce Hierarchical Multi-Video Multiple Instance Learning (HMV-
MIL), which frames patient-level TB detection as hierarchical multi-video MIL.
Within each video, learned attention pooling identifies informative frames; across
videos, gated MIL integrates site-level embeddings into a unified patient rep-
resentation. Auxiliary pathology supervision using human-interpretable ultra-
sound findings regularizes the model toward recognizable pulmonary patterns.
Validated on a prospective cohort of 504 patients acquired by minimally trained
operators under a 14-site POCUS protocol, HMV-MIL demonstrates that raw
multi-site LUS videos contain sufficient signal for automated TB triage and
that hierarchical aggregation improves performance relative to conventional spa-
tiotemporal architectures.

2 Related Work

AI-assisted TB screening has matured rapidly in chest radiography, with the
WHO recommending computer-assisted diagnosis (CAD) since 2021 [19]. Sys-
tems such as qXR and CAD4TB can meet WHO triage benchmarks, however
they depend imaging infrastructure often unavailable at primary-care levels in
high-burden settings. Ultrasound offers an operationally aligned alternative: low-
cost ( $2000), portable, minimal infrastructure required. Early studies demon-
strate feasibility of AI-assisted LUS screening from individual frames [18] (AU-
ROC 0.93); however, this approach requires trained sonographers to curate diag-
nostically informative frames prior to inference, presupposing the expert knowl-
edge the system is meant to replace.

Existing multi-view AI systems, particularly in echocardiography, exploit
standardized acquisition planes with stable anatomical meaning. TB lung POCUS
differs: it is a weakly structured multi-site video problem with diagnostic ev-
idence distributed across thoracic zones and frames. LUS deep learning has
progressed from 2D CNNs to spatiotemporal and transformer architectures for
COVID-19 classification [14], pneumonia detection [4], and B-line quantifica-
tion [2,11,6]; however, these methods generally analyze single videos in isolation.
Multiple-instance learning (MIL) provides a natural framework for weakly su-
pervised clinical reasoning [8,10,15], but standard MIL assumes independent
non-temporal instances and does not jointly model intra-video dynamics and
inter-site anatomical aggregation.
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Fig. 1: HMV-MIL Framework Overview. Videos are subsampled and en-
coded with CLIP ViT-B/32, aggregated into video representations, and aug-
mented with pathology predictions. Scan-level features and anatomical embed-
dings are combined using gated multi-head MIL attention to produce a patient
representation for TB classification, trained with both patient-level and scan-
level supervision.

3 Methodology

Problem Formulation: Each patient constitutes a bag B = {V1, . . . , VN} of up
to N = 14 videos from distinct anatomical sites. Each video Vi ∈ RTi×3×224×224,
where Ti denotes the variable frame count for site i. Patient-level binary TB
labels yB ∈ {0, 1} are derived from GeneXpert MTB/RIF testing. As auxil-
iary supervision, each video Vi carries expert-annotated binary pathology labels
pi ∈ {0, 1}4 (A-lines, large consolidations, pleural effusion, B-lines/small consol-
idations), without direct TB indication. The model learns f : B → yB, requiring
joint intra-video frame selection and inter-video site aggregation under anatom-
ical heterogeneity and weak supervision.

3.1 HMV-MIL Architecture

Figure 1 illustrates HMV-MIL’s architecture. (1) Feature Extraction. We use
OpenAI CLIP (ViT-B/32) with pretrained weights and fine-tuned on COVIDxUS [4].
For TB adaptation, we freeze all transformer layers except the final encoder and
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projection layers (15.2M trainable of 86.4M total). Each frame F i
t is indepen-

dently encoded to Hi
t ∈ R768. (2) Intra-Video Attention Pooling. Frame

embeddings are projected to latent representations hi
t ∈ R512 via an encoder

fenc. Multi-head self-attention models temporal dependencies, producing con-
textualized embeddings h̃i

t. A lightweight scoring network produces per-frame
importance weights αt = softmax(MLPscore(h̃

i
t)), and the video representation

is zvideo =
∑

t αth̃
i
t. This mechanism identifies diagnostically relevant frames

while suppressing artifacts and redundant anatomy. (3) Auxiliary Pathology
Supervision. For each zvideo, four binary classifiers predict the presence of
A-lines, large consolidations, pleural effusion, and B-lines/small consolidations.
These heads regularize the visual encoder by aligning intermediate features with
recognizable pulmonary patterns, and provide clinically interpretable per-site
outputs for reliability auditing. (4) Inter-Video MIL Aggregation. Each
site’s representation H̃i ∈ R512 is formed by concatenating zvideo, the pathol-
ogy prediction vector pi ∈ R4, and a learned anatomical site embedding. A deep
attention-based MIL module applies multi-head self-attention across sites, fol-
lowed by MLP-with-residual transformation, and gated attention aggregation:
zpatient =

∑N
i=1

αigi∑
j αjgj

H̃ ′
i ⊙maski, where maski handles missing sites. The pa-

tient embedding is classified as ŷB = σ(MLP(zpatient)). To mitigate gradient
interference, we sequentially update: (1) each pathology head independently; (2)
the site integration, MIL, and TB classifier jointly; (3) the vision encoder and at-
tention mechanism using the combined pathology + TB loss. Separate AdamW
optimizers with hierarchy-scaled learning rates are used per group.

4 Experiments

4.1 Dataset and Protocol

We analyze a prospective cohort of 504 adults recruited at CNHU-PPC, Cotonou,
Benin (October 2021-August 2023). Of these, 192 (38%) were GeneXpert-positive
for TB (TB+) and 312 (62%) TB-. LUS was performed using Butterfly iQ 2.0
devices under a 14-site bilateral protocol, with 10–15s videos acquired at up to
two depths per anatomical site, resulting in 1̃4,258 videos and 1̃.5M frames (2̃8
± 6) videos/patient. Three trained sonographers annotated all analyzed videos
for four pulmonary findings: A-lines (50%), B-lines/small consolidations (25%),
large consolidations (20%), and pleural effusions (5%). All data were de-identified
under Benin Ministry of Health and CNHU-PPC ethics approvals.

4.2 Evaluation and Implementation

We hold out a 20% test set (stratified by TB status, prior TB, and HIV sta-
tus), with all data split at the patient level; the remaining 80% undergoes 5-fold
cross-validation. Final results report mean performance from five models applied
to the held-out test set. We compute mean and 95% CI for ROC-AUC and PR-
AUC. The WHO screening threshold (90% sensitivity/≥70% specificity) is ap-
plied by selecting the a threshold maximizing Youden’s J on the validation folds,
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Fig. 2: ROC (left) and precision–recall (right) curves with 95% CIs. Yellow box:
WHO screening targets (≥90% sensitivity, ≥70% specificity).

Table 1: Patient-level TB detection. Mean±SD across 5-fold cross-validation.
Architecture Params (M) AUC Sensitivity Specificity

HMV-MIL (Ours) 92.0 0.89± 0.02 0.82± 0.09 0.75± 0.25
DINOv3-Bert 418.6 0.85 ± 0.02 0.80± 0.10 0.67± 0.21
CNN-LSTM (ResNet-18) 25.7 0.64± 0.05 0.88± 0.10 0.28± 0.20
3D ResNet-18 39.0 0.55± 0.04 0.59± 0.26 0.50± 0.31
3D-Inception 35.6 0.56± 0.04 0.55± 0.42 0.53± 0.37
Video Transformer 94.5 0.74± 0.02 0.65± 0.10 0.71± 0.11

and then applied to the held-out test patients. Training used mixed-precision
AMP, gradient accumulation (35 steps), AdamW (lr = 2×10−5), 200-epoch co-
sine schedule with positive-class weight 2.0, on 4×NVIDIA A100 GPUs with dis-
tributed data parallelism. All models were implemented in PyTorch (v2.2). We
compare and ablate HMV-MIL across backbones: CNN-LSTM (ResNet-18), 3D
ResNet-18, 3D-Inception (Kinetics-400 pretrained), Video Transformer (ViViT-
B, Kinetics-400 pretrained), and DinoV3L (pretrained); and we assess the spe-
cific components of HMV-MIL (1) lightweight backbone (LeViT); (2) removal of
LUS domain pre-training; (3) uniform frame subsampling vs. attention pooling;
(4) frame pooling; (5) top-k frame selection (k ∈ {1, 8}); and (6) removal of
auxiliary pathology supervision. All implementations and baselines received the
same number of video inputs per patient.

5 Results and Discussion

5.1 Architecture Comparison

Table 1 reports patient-level TB detection. HMV-MIL achieves 0.89± 0.02
AUC, surpassing all conventional spatiotemporal baselines by 0.04-0.35 AUC:
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Table 2: Ablation study. AUC mean± SD across 5-fold cross-validation.
Configuration AUC

Full HMV-MIL 0.89± 0.02
(1) Lightweight backbone (LeViT) 0.53± 0.05
(2) No LUS pre-training 0.83± 0.02
(3) Uniform frame sampling 0.87± 0.01
(4) Mean pooling 0.88± 0.02
(5) Top-k selection (k = 1 / k = 8) 0.87± 0.03 / 0.86± 0.03
(6) No pathology supervision 0.88± 0.01

Fig. 3: Pathology classification: neural heads vs. ML ensembles (LR: logistic re-
gression, XGB: XGBoost).

Video Transformer (0.74± 0.02), CNN-LSTM (0.64± 0.05), 3D ResNet-18 (0.55± 0.04),
and 3D-Inception (0.56± 0.04). At the Youden-optimal operating point, HMV-
MIL achieves 82% sensitivity and 75% specificity, approaching WHO triage tar-
gets (90%/70%). Fold-level AUC SD <0.02 demonstrates stable discrimination.
Figure 2 shows ROC and precision–recall curves with 95% CIs.

DINOv3-BERT, despite having 418.6M parameters and being 4.5× larger
than HMV-MIL, achieved an AUC of 0.85, which was 0.04 lower than HMV-
MIL. This suggests that increasing backbone scale alone was insufficient in this
setting, and is consistent with the hypothesis that TB lung ultrasound ben-
efits from hierarchical aggregation. Conventional spatiotemporal architectures
also underperformed, suggesting that dense frame-level encoding without se-
lective temporal or site-level aggregation may be poorly matched to this task.
One possible explanation is that these models process redundant frames, probe
repositioning artifacts, normal anatomy, and motion noise together with sparse
diagnostic findings, allowing weak TB-relevant signal to be diluted in global
video representations.
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5.2 Ablation Study

Table 2 isolates each component’s contribution. The domain-adapted CLIP
backbone is the most critical element: replacing it with LeViT drops AUC
to 0.53± 0.05, and removing LUS pre-training yields 0.83± 0.02. This confirms
that strong visual priors from domain-adapted pretraining underpin downstream
temporal reasoning. In contrast, the frame selection strategy has modest impact:
mean pooling (0.88± 0.02), uniform sampling (0.87± 0.01), k = 1 (0.87± 0.03),
and k = 8 (0.86± 0.03) all fall within 0.01-0.02 AUC of the full model. Modest
differences of this magnitude are expected near clinically relevant performance
thresholds, where gains are increasingly constrained by noise and inter-patient
heterogeneity; critically, all ablations degraded performance relative to the full
model, confirming each component contributes. This suggests that diagnosti-
cally relevant information in LUS is concentrated in brief moments of optimal
probe positioning, and that the attention mechanism successfully identifies these
frames, mirroring expert sonographer workflow. Notably, k = 1 performance
near-matches the full model, supporting a sparse-frame deployment strategy
with reduced inference cost. Removing auxiliary pathology supervision yields
0.88± 0.01 AUC; while the AUC impact is modest, the primary value of pathol-
ogy supervision is clinical interpretability, it produces per-site, human-readable
pathology outputs enabling auditing and out-of-distribution flagging rather than
serving primarily as an AUC lever.

5.3 Pathology Detection

Figure 3 summarizes auxiliary pathology head performance. Large consolidations
achieve the highest discrimination (0.91 AUC, 0.60 AUPRC), followed by pleu-
ral effusion (0.80 AUC) and A-lines (0.80 AUC). B-lines/small consolidations
remain most challenging (0.66 AUC) due to class overlap and lower prevalence.
Figure 3 shows that ML ensembles (logistic regression, XGBoost) trained on
pathology head outputs yield marginal improvements (0-0.08 AUC), particularly
for low-prevalence findings, confirming that auxiliary heads capture complemen-
tary diagnostic cues. These pathology predictions also enable reliability auditing:
e.g., consistent A-line predictions paired with a positive TB classification may
flag out-of-distribution inputs.

5.4 Key Frame Analysis

Learned attention scores highlight diagnostically relevant frames, providing vi-
sual correspondence between model focus and clinical reasoning and supporting
interpretable, auditable AI (Figure 4). This aligns with lung ultrasound practice,
where diagnostically relevant information is often concentrated in brief moments
of optimal probe positioning rather than distributed across extended sequences,
mirroring expert sonographer workflow.
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Fig. 4: Frames with highest attention weights. Visualization of the top-scoring
frames (st) selected by the attention-pooling model at inference

5.5 Clinical Implications and Limitations

HMV-MIL is, to our knowledge, the first AI system capable of patient-level TB
diagnosis from multi-video POCUS data, representing a meaningful step toward
autonomous TB screening in settings where conventional diagnostics remain mis-
aligned with the point of first healthcare contact. This matters at scale: over 3.8
million TB cases go undetected annually [19], disproportionately affecting com-
munities served primarily by frontline health workers. Our work demonstrates
that minimally trained healthcare workers, defined by less than 20 hours of
training, can acquire data suitable for an AI-model to detect TB. Further our
model can be deployed in a TF.js format at 344MB suitable for consumer grade
hardware.

At the Youden-optimal operating point, HMV-MIL achieves 82% sensitiv-
ity and 75% specificity. Table 3 reports the confusion matrix on the held-out
test set (n = 101; 38 TB+, 63 TB−). PPV is 66% and NPV is 87%, reflect-
ing the asymmetric class distribution and the model’s stronger ability to rule
out TB. For screening deployment where sensitivity is paramount, the operating
threshold can be shifted along the ROC curve to achieve ≥90% sensitivity at re-
duced specificity. Acquisition quality affects model performance, and deployment
should incorporate quality-control thresholds to flag low-quality inputs prior to
inference.

Table 3: Confusion matrix on held-out test set at Youden-optimal threshold
(n = 101).

Predicted TB+ Predicted TB−

Actual TB+ (n = 38) 31 (TP) 7 (FN)
Actual TB− (n = 63) 16 (FP) 47 (TN)

Limitations include single-site evaluation which constrains cross-population
generalizability, and binary TB classification that does not account for co-infections.
No publicly available LUS dataset for TB currently exists for external bench-
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marking. An ongoing multi-country clinical trial will enable external validation,
multi-device robustness assessment, real-time deployment optimization, and ex-
tension to other respiratory pathologies.

6 Conclusion

We presented HMV-MIL, a hierarchical multi-video MIL framework for patient-
level TB detection from POCUS. By combining domain-adapted CLIP features,
intra-video attention pooling, auxiliary pathology supervision, and inter-video
gated MIL aggregation, HMV-MIL achieves 0.89 AUC on a 504-patient prospec-
tive cohort. This establishes the first AI system for patient-level TB diagnosis
from multi-anatomical site ultrasound video data and a scalable foundation for
equitable AI-guided screening in resource-limited settings. Code and implemen-
tation details are available here: https://github.com/tbrokowski/Ultr-AI-HMV-
MIL.
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