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Diagnostics are Necessary but Not 
Sufficient: Need for a Healthcare System 



Question
What TB diagnostics  do we need?
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Penny Lick: Perceived link with the spread of TB

A "penny lick" was a small, 
reusable glass used by street 
vendors in the 19th century to sell 
a single lick of ice cream for a 
penny, with customers licking the 
glass clean before returning it to 
the vendor for reuse. This 
unsanitary practice was banned in 
many places, like London in 1898, 
due to the risk of spreading 
diseases like tuberculosis, leading 
to the invention of a hygienic 
alternative.



Penny Lick banned to stop the spread of TB

The Solution: Edible 
Vessels 

Italo Marchiony (1903): An 
Italian immigrant in New 
York patented a machine 
to mass-produce edible 
pastry cone. 

Ernest Hamwi (1904 
World's Fair): A Syrian 
waffle vendor invented 
waffle cone.
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“we hypothesized that DNA 
from MTBC would be 
present in the oral cavities 
of macaques and could be 
detected”
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“we hypothesized that 
some bacilli that pass 
through the mouths of 
TB patients might 
accumulate on the oral 
epithelium and be 
detectable by analysis 
of oral swab samples.”

“The swabs(OmniSwab, 
Whatman) were 
brushed along the 
inside of the subject's 
cheek for about 10 
seconds (7–8 times) to 
collect cells and saliva.”



38 publications since 2014  
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Performance of PCR on Oral Samples
Oral Swab (PMID: 38097297)
Sensitivity: 

In adults: 36% to 91% in adults
 In children: 5% to 42% in children
Specificity: 
 66% to 100% 
 Most studies reporting >90%



Performance of PCR on Oral Samples

(PMID: 38097297)



Performance of PCR on Oral Samples
Oral Wash vs. Tongue Swab (PMID: 40686067)
   Sensitivity:
 Oral Wash: 80% (95% CI, 56%–94%) 
 Tongue swab:  65% (95% CI, 58%–72%)
 
Tongue Foam Swab vs. ESwab (PMID: 40686067)
  Sensitivity: 
 Foam swab:  65% (95% CI, 58%–72%)
 Flocked ESwab: 59% (95% CI, 53%–65%)

Other Performance Factors
Bacterial Load: Sensitivity higher in smear-positive or high-Xpert-result patients



MTB Ultima (Molbio Diagnostics, India)  

MiniDock MTB (Pluslife Biotech, China) 



Truenat MTB Ultima (Molbio Diagnostics, India)  

MiniDock MTB (Pluslife Biotech, China) 

 Sensitivity n/N, % (95% CI) Specificity n/N (95% CI) 
Tongue  116/149, 77.9% (70.3-84.2) 805/820, 98.2% (97.0-99.0)
Sputum  44/48, 91.7% (80.0, 97.7)  129/132, 97.7% (93.5, 99.5)

 Sensitivity n/N, % (95% CI) Specificity n/N (95% CI) 
Tongue  60/70, 85.7% (75.3-92.9)  226/226, 100% (98.4-100.0)
Sputum  62/69, 89.9% (80.2, 95.8)  219/223, 98.2% (95.5, 99.5)

PMID: 41175672
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Assisted AFB Microscopy: Are We There Yet?
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IFN I/II signalling transcripts up 18 months before TB 
diagnosis, while changes in myeloid , lymphoid, monocyte 

and neutrophil responses occurred more proximally

PMID: 29145483



GBP5  promotes inflammasome assembly 
DUSP3    regulator of JNK and ERK signalling
KLF2  anti-inflammatory

PMID: 26907218



GBP5  promotes inflammasome assembly 
DUSP3    regulator of JNK and ERK signalling
KLF2  anti-inflammatory

LANCET RM 2016PMID: 26907218



LANCET RM 2020PMID: 31958400



Diagnostic Accuracy of the 8 Best 
Signatures for Incipient TB

LANCET RM 2020PMID: 31958400



Diagnostic Accuracy of the 8 Best 
Signatures for Incipient TB

LANCET RM 2020PMID: 31958400



HR

PMID: 38245113



Accuracy of the Xpert MTB Host Response
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Accuracy of the Xpert MTB Host Response for PTB

PMID: 38245113



Interpretation Xpert HR did not meet WHO minimum specificity targets for a 
non-sputum-based triage test for pulmonary tuberculosis. Despite promise as 
a rule-out test that could reduce confirmatory sputum testing, further cost-
effectiveness modelling and data on acceptability and usability are needed to 
inform policy recommendations.

PMID: 38245113



7 blood RNA signatures 
including Xpert MTB HR 
& CRP

PMID: 40675164



Accuracy of the Xpert MTB Host Response for EPTB

PMID: 40675164



PMID: 41115442

Dimensions of the tuberculosis spectrum and their interactions with diagnostic or screening tests

Pathogen-directed
Non-sputum tests
Assisted microscopy

Host-directed
Host response

Pathogen-directed
LAM
cell-free DNA

Pathogen-directed
or host-directed?



Target Population for cfDNA TB Diagnosis

Pediatric ExtrapulmonaryHIV/AIDSUnproductive

1 million                                                     0.9 million 
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Urinary LAM Detection with Lateral Flow 

(LAM)

Lipoarabinomannan (LAM)



Urinary LAM Detection with Lateral Flow 
Alere Determine TB LAM Ag (AlereLAM)



≤100    101-200   >200
                           CD4

PMID: 31633805

Sensitivity            Specificity

≤100    101-200   >200
                           CD4



Novel Fujifilm SILVAMP TB LAM (FujiLAM)

PMID: 31155318

Detects LAM at 30-fold lower concentrations 
using high affinity monoclonal antibodies and 
A signal amplification step
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Inpatients with HIV
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Inpatients with HIV

Commercialization halted due to lot to lot 
variability reducing performance
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Application of cf DNA in Diagnostics

Fetal aneuploidy Cancer mutations Organ rejection

Microbial cf DNA

Infectious diseases

- EBV cfDNA for nasopharyngeal CA
- Microbial mNGS for various infections
- Fungal cfDNA PCR for invasive fungal disease



Diagnostic Accuracy of the MTB cfDNA PCR

Bilateral vs 
Unilateral PTB

PTB+E  
vs. P

↑cfDNA ↑cfD

PMID: 30404942



Diagnostic Accuracy of the MTB cfDNA PCR

Unpublished data



Diagnostic Accuracy of the MTB cfDNA PCR
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Diagnostic Accuracy of the MTB cfDNA PCR

Unpublished data



Optimization of Preanalytical Variables Impacting 
Pathogen Plasma cfDNA Detection

Higher volume
more sensitive

EDTA is adequate 

PMID:31511335

Up to 24 hr delay
is adequate

1 spin is adequate for plasma 
No spin needed for urine

Freeze thaw 
has no impact



Bacterial and Fungal cfDNA PCR Tests Orderable
Mycobacterium tuberculosis complex PCR

Nocardia spp. PCR

Legionella spp.  PCR

MOLD PCR Panel
1. Aspergillus species (A. fumigatus, A. flavus, A. niger), A. terreus, A. ustus/nidulans
2. Mucorales agents (Rhizopus spp., Mucor spp., Rhizomucor spp.)
3. Fusarium spp.
4. Scedosporium spp.
5. Lomentospora prolificans

Dimorphic Fungi PCR Panel 
1. Coccidioides immitis/ posadasii
2. Histoplasma capsulatum
3. Blastomyces dermatitidis
4. Sporothrix schenckii

Candida PCR Panel
1. C. albicans
2. C. glabrata
3. C. krusei

Pneumocystis jirovecii PCR

Specimen types: Plasma,
BAL/iSputum, tissue, sterile fluid 



Extraction: cfDNA from 4mL 
of plasma on Promega

Maxwell® CSC Instrument
TAT: 1 ½ hours 

NAAT: Multiplex PCR on 
Rotor-Gene
TAT: 3 hours

Fungal PCR Panel Workflow

Samples: Fresh EDTA 
plasma 4mL 



80  CLL with pulmonary and brain lesions
2/21 New ring-enhancing L frontal lobe brain 
lesions (etiology elusive despite brain bx at 
OSH).

4/7 Referred to Stanford. Mold cfDNA PCR 
panel on plasma positive for Aspergillus 
species (A. fumigatus, A. flavus, A. niger)
Serum Galactomannan: negative
Serum BDG: positive 215 pg/mL
 
4/9 Started voriconazole

4/19 Brain biopsy performed. Fungal culture 
grew Aspergillus fumigatus species complex

Calcoflour white                H&E



Sensitivity % (n/N) Specificity % (n/N)
Pulmonary overall 53.8 (28/52) 97.2 (208/214)
HIV positive (PTB) 63.6(14/22) 98.9 (88/89)
HIV negative (PTB) 46.7 (14/30) 96 (120/125)
Extrapulmonary overall 48.1 (26/54) 97.2 (208/214)
HIV positive (EPTB) 64.1 (25/39) 98.9 (88/89)
HIV negative (EPTB) 6.7 (1/15) 96 (120/125)

Diagnostic Accuracy of  MTB Plasma cfDNA PCR

Unpublished data
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2-Step Testing:
cfDNA First  

Host Response on cfDNA-



HR
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Pathogen cell-free 
DNA (pcfDNA)

Host response 
(HR)

2-step test:     
pcfDNA → HR 

Pathogen cell-free DNA 
(pcfDNA)
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(HR)

2-step test:     
pcfDNA → HR 

Pulmonary overall 53.8 (28/52) 71.2 (37/52) 80.8 (42/52) 97.2 (208/214) 95.3 (204/214) 93.5 (200/214)
HIV positive (PTB) 63.6(14/22) 68.2 (15/22) 77.3 (17/22) 98.9 (88/89) 86.5 (77/89) 85.4 (76/89)
HIV negative (PTB) 46.7 (14/30) 73.3 (22/30) 83.3 (25/30) 96 (120/125) 94.4 (118/125) 92 (115/125)
Extrapulmonary overall 48.1 (26/54) 42.6 (23/54) 68.5 (37/54) 97.2 (208/214) 95.3 (204/214) 93.5 (200/214)
HIV positive (EPTB) 64.1 (25/39) 41 (16/39) 76.9 (30/39) 98.9 (88/89) 86.5 (77/89) 85.4 (76/89)
HIV negative (EPTB) 6.7 (1/15) 46.7 (7/15) 46.7 (7/15) 96 (120/125) 94.4 (118/125) 92 (115/125)

Sensitivity % (n/N) Specificity % (n/N)

Diagnostic Accuracy of 2-step Testing: 
MTB cfDNA Xpert MTB Host Response

Unpublished data
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Automated Detection of AFB in Kinyoun Smears: 
A Proof of Concept

Salika Shakir PhD, D(ABMM)
Univers ity of Utah/ARUP Laboratories
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Objectives

• Review AFB workflow in a reference clinical laboratory

• Explain how artificial intelligence and machine learning are being applied 

to AFB tes ting and result interpretation

• Discuss  potential benefits , limitations , and implementation cons iderations  
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AFB smear microscopy

• Cheap, easy to use
• Critical in guiding diagnos is
• Manual and subjective 
• Accuracy is  dependent on sample preparation
• Interpretation of results

67
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Mycobacterium laboratory workflow

Specimen 
Process ing AFB Smear Inoculate 

culture media

Species  
Identification

Antimicrobial 
susceptibility 

tes tingDirect detection 
by Nucleic Acid 

Amplification Tes t 
(NAAT)
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Mycobacterium Laboratory Workflow: Smear 
Reporting

Process specimen
Decontaminate/Concentrate

AFB Smear 
Positive

Auramine O

AO smear preparation
(automated)

Smear manually read 
(~2-4 min)

Repeat Smear and 
Report

AFB Smear 
Negative

Initial Smear Reported

~ 200 samples  daily 
28 AO s lides /batch

Each processor ~ 52 samples
60-90 minutes

6-8 runs  on busy days  

>95% of smears  are negative by AO
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Could we use AI and machine learning as a 
screening tool?

• Detect negatives  
• Improve turn-around-time
• Avoid manual review for low prevalence population
• Improve ergonomics
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Use of AI in Clinical Microbiology

• Ova and Paras ite Detection
• Gram s tain
• Cervical PAP  

https :/ / techcyte.com/products / fus ion-paras itology-suite/
https :/ / techcyte.com/products / fus ion-bacteriology-suite/
https :/ /www.hologic.com/hologic-products / cytology/genius -cervical-ai
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AI and machine learning for AFB smears
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Detection of AFB in Auromine–O-stained 
respiratory samples

• Sens itivity 90.7% vs  92% comparable to 
manual fluorescence microscopy

• Specificity: 91.9% vs  95.7%
» Statis tically s ignificant decrease in 

specificity (−3.8% vs  MM)

• Scan failure rate (10.6%)

• AFB grading low performance
» Overall grading agreement: 74.8%

• Software performance varies  by mycobacterial 
species
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AI AFB smear Implementation Considerations

75

Assess
Identify workflows  
benefitting from AI

Build
Build Digital Microscopy 

Infras tructure

Select and Validate
Select and Validate the 

AI Sys tem
Ensure diagnos tic 

performance

Integrate
Integrate AI into Routine 

Workflow

Standardize
Standardize QC, Training 

Scale
Scale, Monitor 

Outcomes , and Expand 
Use Cases
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AI-enabled Mycobacterium Laboratory Workflow

Process specimen
Concentrate/Decontaminate

AFB Smear 
Positive

Auramine O

Kinyoun Stain Slide scanning and AI 
Augmented analysis

Perform AO stain

AFB Smear 
Negative

Initial Smear Reported
(Auto-sign out)

Confirmed by manual 
fluorescent microscopy

Aur amine O

• Potential impact
• Expected time savings  of 1-2 hours  per run

• Could result in $$ of monthly savings
• Processors  could be doing other work during this  time
• Ergonomic benefits  
• AI would auto result out negatives

• Pos itives  would s till need to be read by s taff
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Study objective

• Evaluate Kinyoun s tain AI scanning with AO-s tained manual smear 
microscopy

• Using direct clinical specimens  
» Sputum, BAL, Tis sue, body fluids , wound
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Development of an AI-enabled Mycobacterium detection tool

Convolutional Neural Network 
FCOS/ConvNeXt

Manually marked 11,411 AFB 
“answer key”

Pramana HT-2

Creation of digital s lides

Hamamatsu 
S360/S20

Building the AI model

231 Samples  collected 
and proces sed

for routine tes ting
Kinyoun Smear 

preparation

Whole-s lide analys is
Detection on individual tiles

Initial pos itive and random 
negative 

Second round trained us ing 
hard negatives

Detect individual AFB

Estimate how many AFB on 
the whole s lide

Predict whether the sample 
was  likely pos itive
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Machine Learning and Convolutional Neural Network: 
simplified

79

“Backbone”
Neural Net

“Embeddings”
Feature maps

“Head”
Neural 
NetPatterns , edges , shapes  

(numerically encoded 
features )

Class ifications

Thousands  of small 
points  check if they 
belong to an object

Car Person Dog

• ConvNeXt — “What is  in the image?”
• Des igned to unders tand images  by recognizing patterns  such as  edges , colors , shapes , and textures

• FCOS (Fully Convolutional One-Stage Detector) — “Where are the objects?”
• Scans  an image, learns  the patterns , uses  patterns  to clas s ify image
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AI meets the Experts

• 3 AFB laboratory trained technologis ts
• Objects  labeled as  “AFB,” “mimic,” “non-AFB,” or “unknown”
• Almos t all annotated objects  were AFB 
• Slides  for annotation preferentially selected from AO-pos itive 

s lides  to enrich for objects  to annotate
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Distribution of sample types 

h t t p s://d o i.o rg /10 .1128 /sp e c t ru m .0 0 60 2-25

https://doi.org/10.1128/spectrum.00602-25
https://doi.org/10.1128/spectrum.00602-25
https://doi.org/10.1128/spectrum.00602-25
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Mycobacterium species in positive samples 

h t t p s://d o i.o rg /10 .1128 /sp e c t ru m .0 0 60 2-25

https://doi.org/10.1128/spectrum.00602-25
https://doi.org/10.1128/spectrum.00602-25
https://doi.org/10.1128/spectrum.00602-25
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Slide Scanners

Hamamatsu NanoZoomer S360 Pramana HT2 
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Scanner Settings and Performance Comparison 

Scanner Pramana HT-2 Hamamatsu 360
Settings Magnification 40x 40x

Resolution (microns per pixel) 0.25 0.23
Z-Layers 9 9
Z-layer interval (um) 1.25 1.3

Performance Average Scan Time (s) 597 330.7
Average Scan Area (mm2) 323.4 311.9
Average File Size (GB) 1.6 8.3
Scan time (s/mm2) 1.8 1.1
File Size (mb/mm2) 4.9 26.5
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Image Quality between S360 and Pramana (40X 
and 80X)

Pramana 80XPramana 40XHamamatsu S360 40X
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AO3+, M. tuberculosis  complex 

Hamamatsu S360 40X Pramana 40X
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Whole slide scanning vs Tile selection

• Long scan time, >20 min
• Reduced performance

» Noise at edge of smear
» Interference from wax ring

• Randomly selected 10,000 small image tiles
» 50 mm 2 (minimum area of 13 mm 2)
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Model-predicted slide level classification

h t t p s://d o i.o rg /10 .1128 /sp e c t ru m .0 0 60 2-25

https://doi.org/10.1128/spectrum.00602-25
https://doi.org/10.1128/spectrum.00602-25
https://doi.org/10.1128/spectrum.00602-25
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Results Summary
• WSI-level performance (threshold ≥10⁻² AFB/1000x FOV)

• Overall accuracy: 68% of s lides  correctly class ified
» Sens itivity: 79%
» Specificity: 63%

• Specimen source
» AI performed better on sputum but had more false pos itives  

Sens itivity 92% Specificity of 33%.
» Non-sputum samples  had lower sens itivity but higher specificity
 AI Kinyoun vs  manual AO: 83% sens itivity, 56% specificity

• Manual AO vs  culture comparison: 76% sens itivity, 96% specificity
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Validation set false negatives

91Slid e  co u rt e sy Bra n d o n  O’Fa llo n
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Smear prep and staining variability

Slid e  co u rt e sy Bra n d o n  O’Fa llo n
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Study Conclusions
• Developed a full AI pipeline for AFB detection on brightfield smears

» Publicly available dataset of expertly annotated AFB

• Demons trated a promis ing proof-of-concept for us ing AI to detect AFB directly 
from Kinyoun-s tained bright-field s lides  

• Moderate sens itivity 
• Not ready for clinical deployment due to specificity is sues
• Slide preparation and specimen thickness  matters
• Need larger training dataset for modern deep learning
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Key Insights
• AI and machine learning detects  AFB well in smears  with les s  background

• High false-pos itive rate, especially in debris -heavy sputum
»   “needle-in-a-hays tack” problem

• False pos itives : objects  that looked s imilar to AFB, insufficient annotation of mimics  

• Scanner variability affects  image quality

• Longer scan times  on bes t-performing scanner (Pramana HT2)

• Brightfield Kinyoun s tains  inherently challenging for AI
• False negatives  may be caused 

» Uneven smear preparation 

» Organisms  hidden in dense background variations  in s taining

94
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AI AFB smear implementation considerations

95

Ease sample volume burden

Improving detection and quality of results

Infras tructure

Quality of image generated

Sufficiently trained tools

IT s torage capacity

Future efficiency gains / cos t savings

Regulatory cons iderations
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From Research Triage to Integrated Diagnostic 
Decision-Making

PHASE PRIMARY ROLE OF AI HUMAN INVOLVEMENT OPERATIONALIMPACT

Today (Research) Triage and validation only​ Review all pos itives ​ No change to diagnos tic workflow​

Near-Term Auto-release 
clear negatives ​

Review pos itives  and borderline 
cases ​ Fas ter rule-out, improved efficiency​

Future State Firs t reader in 
diagnos tic algorithm ​ Confirm pos itives , oversee Quality Integrated, s treamlined TB 

diagnos is ​
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