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AID) at the National Institutes of Health (NIH). The research was supported by
the O ce of the Secretary Patient-Centered Outcomes Research Trust Fund (OS-
PCORTF), which is coordinated by the Assistant Secretary for Planning and Eval-
uation (ASPE), under Interagency Agreement #750119PE080057, during the period
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by the Intramural Research Program of the National Library of Medicine, National
Institutes of Health, and had been funded in part with federal funds from the National
Institute of Allergy and Infectious Diseases under BCBB Support Services Contract
HHSN316201300006W/HHSN27200002. Furthermore, this research was supported in
part by an appointment to the National Library of Medicine Research Participation
Program administered by the Oak Ridge Institute for Science and Education (ORISE)
through an interagency agreement between the U.S. Department of Energy (DOE)
and the National Library of Medicine. ORISE is managed by Oak Ridge Associated
Universities (ORAU) under DOE contract number DE-SC0014664.

All opinions, ndings, and conclusions expressed in this paper are the authors’ and
do not necessarily re ect the policies and views of NIH, NLM, DOE, or ORAU/ORISE.
Therefore, no statement in this report should be construed as an o cial position of
NLM/NIH or of the U.S. Department of Health and Human Services.

None of the investigators have any a liations or nancial involvement that con icts
with the material presented in this report. This report is not intended to be a substitute
for the application of clinical judgment. Anyone who makes decisions concerning the
provision of clinical care should consider this report in the same way as any medical
reference and in conjunction with all other pertinent information, i.e., in the context of
available resources and circumstances presented by individual patients.

NLM/NIH or U.S. Department of Health and Human Services endorsement of any
derivative products that may be developed from this report, such as clinical practice
guidelines, other quality enhancement tools, or reimbursement or coverage policies, may
not be stated or implied.
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Executive Summary

This report describes the research plan and results of a PCOR project that followed a
statement of work de ned in an intra-agency agreement (IAA) between the O ce of the
Assistant Secretary for Planning and Evaluation (ASPE) and the National Library of
Medicine (NLM). ASPE coordinates e orts to build data capacity for patient-centered
outcomes research (PCOR). As part of these e orts, ASPE and NLM collaborated on
a project about detecting tuberculosis drug resistance using arti cial intelligence and
machine learning. The project goal was to create a foundation to advance the use of ar-
ti cial intelligence (Al) for Patient-Centered Outcomes Research (PCOR) and clinical
practice, using existing and to be acquired TB Portals data from the National Institute
of Allergy and Infectious Diseases (NIAID). The data of the TB Portals program pro-
vided by the O ce of Cyber Infrastructure and Computational Biology (OCICB), NI-
AID, o ers valuable training data for machine classi ers. The data allows researchers to
train classi ers that discriminate between drug-resistant and drug-sensitive tuberculo-
sis based on socioeconomic, geographic, clinical, laboratory, radiographic, and genomic
data.

Machine learning is a type of Al where a computer uses training data sets composed
of large and varied amounts of data to \learn" how to identify patterns with little human
intervention. Industry experts have acknowledged that large amounts of high-quality
training data are a critical part of the foundation that will support researchers' use
of machine learning to accelerate the discovery of novel disease-outcome correlations
and inform the design of prevention and treatment studies. High-quality training data
sets that are well-labeled and structured, use standard data models and common data
elements annotated by domain experts, and combine previously unconnected data re-
sources that can be used to train algorithms to elucidate knowledge and extract relevant
data points for research. Al and associated innovative technologies like machine learn-
ing have the power to consume large amounts of data in varied, complex formats to
more quickly identify e ective treatments, potentially accelerating clinical innovation
by speeding up the research lifecycle and the application of evidence in clinical settings.
This project established a foundation for researchers to use Al to develop scientic
approaches so healthcare providers can match patients to the best treatments based on
their speci ¢ health conditions, life experiences, and genetic/phenotypic pro les.

The project was executed as part of a larger FY2019 OS-PCORTF project, in which
NLM worked on the drug-resistant tuberculosis use case. The general objective was to
enhance the capacity of PCOR researchers to use machine learning by developing and
disseminating several resources that will present not only training data and methods



but also lessons learned from the processes and implementation. The project curated
high-quality training sets of quality clinical research data collected with NIAID. This
included clinical images such as frontal chest X-rays (CXR) and computed tomography
scans (CT), clinical and socioeconomic data, and genomic pathogen information of
thousands of patients with drug-sensitive and drug-resistant tuberculosis (TB). These
training data sets were used to develop, train, and improve machine learning models for
detecting TB drug resistance. Building the capacity of researchers to compare the health
outcomes of innovative approaches in delivering and managing care for TB supports
the tenets outlined in the OS-PCORTF funding priority, value-based care and health
outcomes. A consistent mission goal is to predict drug resistance in a patient early
on and administer the appropriate patient-speci c drugs for more e cient treatment.
Successful implementation of this idea would be a signi cant breakthrough in the ght
against drug-resistant TB and could save many lives.

Deliverables were made available via TB Portals and a GitHub software reposi-
tory, including training data, machine learning algorithms, and trained models. The
tools and knowledge generated from this project will help PCOR researchers to pro-
duce ndings that could impact clinical practice. The results will encourage those
building upon this project's deliverables to develop similar use cases in other areas.
Furthermore, as regulatory agencies develop national policies that increasingly consider
patient-generated information in the approval of drugs and devices, evidence generated
from the application of machine learning to patient-centered outcomes research will be
bene cial.



1 Introduction

This project aimed to advance the use of arti cial intelligence (Al) for Patient-Centered
Outcomes Research (PCOR) and clinical practice. According to the O ce of the As-
sistant Secretary for Planning and Evaluation (ASPE),"Patient-centered outcomes re-
search is designed to produce new scienti ¢ evidence that informs and supports the health
care decisions of patients, families, and their health care providers. PCOR studies focus
on the e ectiveness of prevention and treatment options with consideration of the prefer-
ences, values, and questions patients face when making healthcare choices. The validity
of PCOR ndings is strengthened by a robust data infrastructure within HHS agencies
that supports rigorous analyses and generates relevant ndings that help inform deci-
sions."” Please see the following page for a current portfolio of PCOR projects and their
contributions to building data capacity that meets current HHS priorities, https://
aspe.hhs.gov/collaborations-committees-advisory-groups/os-pcortf . Speci -
cally, this project was concerned with providing training data for machine learning to
enhance PCOR data infrastructure.

The project was part of a larger FY 2019 project supported by the O ce of the
Secretary Patient-Centered Outcomes Research Trust Fund (OS-PCORTF), which fea-
tured the National Library of Medicine (NLM) and the National Coordinator for Health
Information Technology (ONC) as project leads. While NLM developed a use case for
drug-resistant tuberculosis (TB), as outlined in this report, ONC worked in parallel
with ASPE on a second kidney-related use case. Both projects shared the same objec-
tive and common goal of enhancing the capacity of PCOR researchers to use machine
learning by developing and disseminating several resources, including training data,
training methods, and lessons learned. Further details regarding the kidney use case
can be found in the nal report by ONC.

In collaboration with the O ce of Cyber Infrastructure and Computational Biology
(OCICB) at the National Institute of Allergy and Infectious Diseases (NIAID), NLM
collected high-quality training sets for TB drug resistance. These sets comprise clinical
images in the form of X-rays and computed tomography scans (CTs), clinical data,
and genome information about the pathogen for drug-sensitive and drug-resistant TB.
During the project, the collected sets have been used to train various machine learning
models, such as TB vs. not TB or drug-sensitive vs. drug-resistant classi ers. Further-
more, the data was used to evaluate and improve the performance of these classi ers
for TB drug resistance detection.

NLM has a long tradition of carrying out research in machine learning and compu-
tational image analysis for biomedical image processing. Many sta scientists at NLM



are subject matter experts with strong publication records in these areas, including TB
screening. Therefore, NLM was well set up to develop machine learning algorithms for
detecting drug resistance in radiographs, using the latest techniques available, and to
accomplish the project goal and the speci c tasks described in this report. All activities
of NLM were coordinated with NIAID so that all data and algorithms developed are
consistent with TB Portals. NIAID provided images and clinical data, and NLM cu-
rated the data for machine learning and developed and tested machine learning models
with this data.

Building the capacity of researchers to compare the health outcomes of innovative
approaches in delivering and managing care for TB supports the tenets outlined in
the OS-PCORTF funding priority, value-based care and health outcomes. Therefore,
a consistent mission goal is to predict drug resistance in a patient early on and ad-
minister the appropriate patient-speci ¢ drugs for more e cient treatment. Successful
implementation of this idea would be a signi cant breakthrough in the ght against
drug-resistant tuberculosis and could save many lives.

2 Background and Rationale

NLM is part of the National Institutes of Health (NIH), which supports the generation
and analysis of substantial quantities of biomedical research data, as outlined in the
agency's strategic plan for data science. This includes the integration of clinical and
observational data into biomedical data science. One of the ongoing large-scale e orts
to build high-value resources that include patient clinical and observational data is the
TB Portals Program (TBPP) initiated by NIAID, also part of NIH [22]. TBPP is

a multi-national collaboration for data sharing and analysis to advance TB research.
A consortium of clinicians and scientists from countries with a heavy burden of TB,
especially drug-resistant TB, work with data scientists and information technology pro-
fessionals to collect multi-domain TB data and make it available to clinical and research
communities.

TB is a serious worldwide public health threat [9]. It is an airborne disease caused
by Mycobacterium tuberculosis (MTB) bacteria, which were rst discovered in 1882.
Tuberculosis is a curable infection, and the worldwide TB mortality rate is decreasing
due to a global e ort to improve TB control and treatment. However, even today, after
the development of advanced medical treatment and diagnostic technology, TB is the
leading cause of death from infectious diseases worldwide. Approximately ten million
people are estimated to have TB, which claims around 1.5 million lives each year.



Curing TB requires prolonged treatment with several drugs. There are currently
more than 20 drugs in use against TB. The ve most commonly used drugs, rst-
line drugs, are typically used for TB patients without prior TB drug treatment. This
includes the drugs isoniazid, rifampicin, and three others. It is essential that several TB
drugs are taken together to avoid becoming resistant to an individual drug. To avoid
drug resistance, it is also very important that a patient adheres strictly to the treatment
regimen over several months without interruptions. The drugs for the treatment of drug-
resistant TB are more expensive and have more side e ects. They are grouped according
to their e ectiveness and use experience and belong to the so-called second-line drugs,
reserve drugs for treating drug resistance.

A patient with TB is drug-sensitive if the bacteria causing the infection respond
to all drugs. Suppose a patient has contracted drug-resistant TB, either by direct
transmission from another infected person or due to improper treatment. In that case,
the TB bacteria will not respond to at least one of the primary drugs. Two main types
of drug resistance are MDR-TB and XDR-TB. MDR-TB, or multidrug-resistant TB, is
de ned as resistance to at least isoniazid or rifampicin, two of the most e ective rst-
line TB drugs. XDR-TB, or extensively drug-resistant TB, is caused by bacteria that,
in addition to resistance against isoniazid or rifampicin, are resistant to several other
drugs, including at least one of the second-line drugs. While these are the two main
types of TB drug resistance, additional categories are sometimes used depending on
the number of drugs to which the bacteria do not respond, including resistance against
individual drugs and resistance against most existing drugs. Treatment of the latter
Is extremely dicult. In 2019, according to the World Health Organization (WHO),
nearly half a million people developed rifampicin-resistant TB (RR-TB). Globally, 3.3%
of new TB cases and 17.7% of previously treated cases had MDR/RR-TB [9].

MDR-TB is concerning because it is di cult to diagnose, and it takes more time,
often more than two years, and costs to treat patients. One of the signi cant challenges
for controlling MDR-TB lies in diagnosing drug resistance of TB-suspected patients
during their rst visit. Conventionally, drug susceptibility testing is performed on a
sputum sample to identify the resistant status to several drugs, which requires a well-
equipped laboratory facility and takes four to six weeks to obtain the laboratory results.
The development of Xpert MTB/RIF, a real-time test based on polymerase chain re-
action (PCR) for genetic mutations in the MTB genome associated with resistance,
speci cally Rifampicin (RIF) resistance, has reduced the laboratory time needed for
the detection of MDR-TB. However, the test still produces many inconclusive results,
and its deployment in resource-constrained settings is expensive. In addition, the test
requires a sputum sample, which can be di cult to obtain, especially from children.



Therefore, detecting MDR-TB is still challenging, and the conventional chest X-ray
(CXR) remains a valuable tool in the detection, screening, and surveillance of MDR-
TB, thanks to its widespread availability.

TBPP is a web-based, open-access repository of socioeconomic/geographic, clini-
cal, laboratory, radiographic, and genomic data from drug-resistant TB patient cases
with linked physical samples [22]. Country sites in Eastern Europe, Central Asia, and
sub-Saharan Africa share data through TBPP. Representatives from participating coun-
tries comprise the TBPP Steering Committee, which provides feedback and guidance
on developing TBPP resources, tools, and new research studies. The program aims to
add advanced analytical tools to perform domain-speci ¢ and meta-domain analyses
of TBPP data, for example, using modern machine learning and computational im-
age analysis. The data and tools brought together by TBP will enable researchers to
answer important questions about diagnosing drug-resistant TB and treating TB pa-
tients. With the recent advances in computational methods for quantitative imaging,
in particular, the application of powerful deep learning methods on sizeable medical
Image sets, automatic screening for infectious diseases has shown promising results.

Quantitative imaging allows computer-assisted detection methods to assess infec-
tious disease severity and response to therapy. It is an interdisciplinary eld involving
clinical research of infectious diseases under various imaging modalities, including CXR,
computed tomography (CT), and others. It can leverage radiology to detect and treat
emerging pathogens, epidemics, and pandemics. Therefore, this project aims to develop
new ways of detecting drug resistance in chest radiographs by using deep learning in
combination with large image repositories and clinical data. The long-term goal is to
create an e cient and accurate system that can discriminate between drug-resistant
and drug-sensitive TB by detecting abnormal patterns predictive of treatment out-
comes [17].

3 Objectives

This section describes the project's purpose and lists the key objectives and deliverables
based on the original statement of work.
3.1 Project Purpose

The project aimed to acquire and curate radiographic images (CXR and CT) for ma-
chine learning and make this data publicly available to the research community via the
NIAID TB Portals Program (TBPP). The TBPP platform engages researchers in con-
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ducting patient-centered outcomes research related to drug-resistant tuberculosis and
precision treatment. While the total number of tuberculosis cases has decreased over the
last few years, the rise of drug-resistant tuberculosis has reduced the chance of control-
ling the disease. TBPP supports research in the decision-making and timely diagnosis
of drug-resistant tuberculosis, which is essential to administering adequate treatment

regimens and stopping the further transmission of drug-resistant tuberculosis.

In particular, the project addressed the following objectives:

1. Developing high-quality training data sets for machine learning to detect drug-
resistant TB in radiographs in collaboration with NIAID.

2. Developing and evaluating machine learning methods for radiographic, clinical,
and genomic data to discriminate between drug-resistant and drug-sensitive TB.

3. Disseminating resources, including training data, tools, and lessons learned to
stimulate the application of these methods to a broader array of use cases by
PCOR researchers.

4. Developing an implementation guide detailing each method used and the generic
aspects of the data that each method leverages to facilitate applications to a
broader array of use cases.

3.2 Relevance for Patient-Centered Outcomes Research

The project supported PCOR and comparative e ectiveness by providing diagnostic
tools based on machine learning and computational image analysis. Computational
models are trained by evaluating the e ectiveness of current treatments to learn better
ways of delivering care to potentially drug-resistant TB patients. The idea was to learn
early signs of drug-resistant TB infections by exploiting pictorial information from ra-
diographs and clinical, patient-speci ¢ socioeconomic, and genomic data. Identifying
drug resistance at an early stage of a TB infection allows using more appropriate drugs
for treatment, leading to more e ective treatments and faster recovery of patients. This
is a critical PCOR problem as drug resistance in patients infected with tuberculosis has
been identi ed as a signi cant global public health concern projected to expand in com-
ing years; see also this WHO link for more information on TB drug resistancettps://
www.who.int/activities/tackling-the-drug-resistant-tb-crisis (last accessed
in December 2022).

The project supported federal and Department of Health and Human Services (HHS)
investments in the Precision Medicine Initiative (PMI) and TBPP by using Al to iden-
tify optimal patient-speci c treatments. Applying robust machine learning to PCOR
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and the general healthcare space depends on large, high-quality training data sets for
modeling data representations.

Using the deliverables of this project, PCOR researchers can execute and test the
provided models on new data or retrain new models with their data. This may lead
to improved models providing more insights. The project enhanced the capacity of
PCOR researchers to use machine learning by developing and disseminating several
resources that present not only training data and methods but also lessons learned
from the execution of the tasks. Speci cally, this project provided radiographs and
clinical data of thousands of patients with drug-sensitive and drug-resistant TB, which
have been made available via TBPP at NIAID. The results of this project, including
the lessons learned, have been shared at conferences and public meetings to facilitate
the application of the methods to a broader range of use cases.

3.3 Deliverables

The deliverables for the objectives fell into three categories:

1. Developing high-quality training data (Objective 1) This deliverable in-
volved collecting training data for machine learning, including X-rays, CTs, and
clinical data, in standard formats, such as DICOM or CSV les, suitable for
training classi ers to detect TB drug resistance.

2. Developing machine learning classi ers (Objective 2) This class of deliv-
erables de ned several classi cation tasks to discriminate between drug-resistant
and drug-sensitive TB and detect resistance types. In particular, the following
classi cation tasks were addressed: normal vs. abnormal (TB vs. not TB for
radiographs), drug-sensitive vs. drug-resistant TB, and MDR vs. XDR.

3. Dissemination of resources, results, and lessons learned (Objective 3
and 4) The third category of deliverables required disseminating the developed
training data and software tools. It also asked for the presentation of the results
in webinars and publications in conference proceedings and journal papers.

Figure 1 shows a summary of the deliverables de ned in the inter-agency agreement
with ASPE.



Objective

Deliverable

Develop high-quality training data sets
for machine learning in detecting drug-
resistance tuberculosis in radiographs
in collaboration with NIAID.

Training data with X-rays, CTs, clin-
ical data, socioeconomic information
genomic data, and statistical meta in-
formation in common formats used
by the imaging and machine learning
community

n

Develop machine learning algorithms
that will be trained and tested on this
data for discriminating between drug-
resistant and drug-sensitive tuberculo-
sis. Evaluate algorithms using conven
tional metrics.

Trained machine learning models for

ve binary TB classi cation problems,
according to Task 2, including perfor-
mance evaluation:

i normal vs. abnormal

ii drug-sensitive vs. drug-resistant

i MDR vs. XDR (and other resis-
tance type pairs)

Iv drug-sensitive vs.
with clinical data

v drug-sensitive vs.
with genomic data

drug-resistant,

drug-resistant

Disseminate resources (tools and train
ing data) and lessons learned to stim
ulate the application of these methods
to a wider array of use cases by PCOFR
researchers.

R

i Publication of data, training mod-
els, and training scripts on TBPP
and/or other websites as agree(
with ASPE

ii 2 webinars

iii 2 presentations at conferences/;
workshops

)

Develop implementation guides detail-
ing each method used and the gener
aspects of the data each method leve
ages, with detail su cient to facilitate
its application to a wider array of use
cases.

-

Three publications will conclude the
project:

i Implementation guide available for
researchers in a conventional for
mat, with information on training
and testing scripts, to be available
via TBPP

il Scienti ¢ manuscript for submission

to a peer-reviewed journal on det

tecting drug resistance with ma-
chine learning

iii 508 compliant nal report for post-
ing on ONC and/or ASPE website.

Table 1: Objectives and Deliverables



4 Background - Problems Addressed

This section describes the problems addressed by the project and how this will advance
the PCOR eld, following the original statement of work. Specically, it tells the
research questions that can now be answered due to the project.

4.1 Data Acquisition

At the start of the project, there was little data available about drug-resistant TB.
Although NIAID had already acquired X-rays and CTs for TB Portals in several coun-
tries [22], and the ImageCLEF 2017 and 2018 evaluation challenges had contributed
some data [13], this was insu cient to train machine classi ers for detecting and pre-
dicting TB drug resistance. Since TB drug resistance is a complex medical condition
requiring individual patient-centered treatment, many patient records are needed to
arrive at statistically meaningful results. In tight collaboration, NIAID (OCICB) and
NLM addressed this problem by signi cantly increasing the amount of data during
the project. The data contains radiographs and clinical, genomic, and socioeconomic
records. This makes this data unique and allows the training of deep learning networks.

To make the data public, the data needed to be de-identi ed, cleaned and saved
in standard formats, such as DICOM. Furthermore, the data needed to be organized
in a way suitable for machine learning. For example, the type of drug resistance,
patient age and sex, and temporal information in the case of longitudinal data needed
to be included. As important were data links connecting patient records with the
corresponding genome data of the pathogen, which will enable future PCOR research
across domains. Speci cally, the data will help investigate what radiographic, clinical,
and genomic factors contribute to TB drug resistance, how they are related, and how
they a ect recovery chances. More information on the mechanism and the general
data sharing and analysis, including radiographs and genomic data, can be found here:
https://jcm.asm.org/content/55/11/3267

4.2 Machine Learning Classi ers

No reliable machine classi ers for TB drug resistance detection were available at the
start of the project. The project addressed this problem by a) carrying out machine
classi cation experiments on the newly acquired data and making the resulting models
publicly available and b) providing a software interface allowing users to train their

models on TBPP data or their data. Several classi cation tasks and PCOR questions
for detecting drug resistance were addressed in this project:

10



The project trained machine classi ers to detect manifestations of TB in radio-
graphs (TB vs. not-TB).

Using the newly acquired TB Portals data, the project trained classi ers to dis-

criminate between drug-sensitive and drug-resistant TB in radiographs. This ad-
dresses the PCOR question of whether speci ¢ TB manifestations in a patient's
lung indicate drug resistance, which is an open research problem.

By training classi ers for MDR vs. XDR drug resistance, the project investigated
the possibility of predicting di erent types of drug resistance based on the TBPP
data, which is also an open research problem.

The project used clinical and socioeconomic features, alone and in combination
with TBPP's pictorial radiographs, to investigate if machine classi ers can predict
drug resistance for a patient based on this information.

Another problem addressed was the potential existence of links between pheno-
type (radiographs) and genotype (pathogen genome), which is largely unknown.
The project tried to nd connections and trained classi ers for drug resistance
prediction using radiographic and genomic features.

All statistical models produced for these classi cation tasks were systematically tested

based on standard performance metrics. The implemented machine classi ers provided
to the research community will allow PCOR researchers to measure the relative useful-
ness of socioeconomic, clinical, and genomic data for TB drug resistance prediction.

4.3 Dissemination of Results

To enable PCOR researchers to continue the research of this project toward a de -
nite answer to the questions above, disseminating training data, trained models, and
lessons learned were deliverables of this project. While the training data has been
made available via TB Portals fittps://tbportals.niaid.nih.gov ), the software,
including programming interfaces, libraries, training algorithms, and trained models,
have been made available via GitHubHhttps://github.com/NLMLHC/NLM-PCOR-TB.

In addition, an implementation guide provides more information about the implemented
software methods used to develop the deliverables of this project, including the software
environment, which will encourage the application of these methods to TBPP data or
other PCOR data. PCOR researchers can use this as a starting point to modify the
software deliverables and apply them to other PCOR use cases, asking similar questions
and following the best practices identi ed through this work.
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Conference presentations and webinars were given to disseminate the results and
lessons learned from the work; see Section 6 for more information. The scienti ¢ results
of this project were summarized in several peer-reviewed publications for journals and
conference proceedings. They provide details about the algorithms used and their
performance evaluation; see Section 6 for a complete list of papers published during
this project.

5 Methodology

Machine learning was the primary method used in this project for detecting and pre-
dicting drug resistance. It can be considered a sub eld of arti cial intelligence (Al),
where a computer uses training data to develop statistical models that can be used
to classify unknown patterns. The training data comprises many samples showing the
patterns in all their variations so that training algorithms can learn the essential fea-
tures and make inferences on unseen patterns, classifying them. Machine learning has
seen considerable progress in the last decade, especially in developing convolutional
neural networks (CNNSs) for image analysis and recognition. These networks specialize
in processing data with grid-like topologies, such as images [18]. This is also called deep
learning and includes analyzing biomedical images for computer-aided diagnosis. For
radiographs, for example, neural networks can detect manifestations of TB and perhaps
drug resistance, as investigated in this project. Neural networks could also translate
clinical patient data into drug resistance predictions. For computer-aided diagnosis,
performances approaching or even outperforming the performance of human experts
have been reported. However, large volumes of high-quality training data are critical
to training classi ers and achieving high performance. Reliable machine classi ers can
accelerate the discovery of novel disease-outcome correlations and inform the design
of prevention and treatment studies, which has the potential to speed up the research
life cycle and the application of evidence in clinical settings. High-quality training
data sets are extensive and varied, covering all the di erent real-world occurrences of
patterns. They are well-labeled and structured, use standard data models and com-
mon data elements annotated by domain experts, and combine previously unconnected
data resources that can be used to train algorithms to elucidate knowledge and extract
relevant data points for research.

The software to train deep learning networks for the TB drug resistance use case
has been made available as a deliverable of this project. This software allows PCOR
researchers to train statistical models to detect tuberculosis drug resistance, either on
the data made available for this project or on their data following the same format.
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Furthermore, using the software, researchers can easily import data, read the annotation
labels, train a neural network or another machine classi er, let the classi er infer a class
label, and evaluate the performance of the output. PCOR researchers can add their
non-public training data to the existing data in TBPP and train new models based
on larger training sets. Alternatively, they can directly apply the pre-trained models
developed in this PCOR project to classify unknown input patterns without retraining
the models. With only slight modi cations, it would be possible to apply the software to
other use cases for other lung diseases or entirely di erent image domains, for example,
histopathology or retinal images. In summary, the project o ers a machine learning
software platform for the PCOR community to research radiographs and clinical data,
with an emphasis on predicting TB drug resistance to determine the optimal treatment
of a TB patient.

6 Accomplishments by Final Deliverables

This section lists the project accomplishments according to the objectives described in
Section 1 and 3. It describes the most important research results and summarizes the
software functionality for each deliverable. Most of the software modules o er two main
functions, one for training and one for inference. The training function allows users to
use their data to train a model. The inference function can execute a pre-trained
model on TBPP data or a model that the user has trained on new data. For a more
detailed description of the research results and the lessons learned, readers are referred
to the research papers published during the project. A more extensive description of
each software module can be found in the implementation guide, a deliverable of this
project.

6.1 Training Data - Objective 1

A Data Use Agreement and a Memorandum of Understanding were signed between
NLM and NIAID. This gave access to the existing NIAID TBPP data to train machine
classi ers [22]. Under the leadership of NIAID, TBPP is designed to unite radiological,
genomic, clinical, laboratory, and socioeconomic/geographic data from prospective and
retrospective TB cases and their associated clinical samples and to freely share these
curated data, including powerful and user-friendly analytical tools, with researchers
and health care specialists throughout the world. This mission is accomplished through
() international collaboration with clinical research sites and academic research orga-
nizations in countries with a heavy burden of drug-resistant TB and (ii) the creation,
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support, expansion, and promotion of the multifactor repository of anonymized clinical
data from patients with drug-resistant forms of TB.

TBPP is still in the data acquisition phase and includes both data acquired before
and during this project. It should be noted that TBPP data di ers in two main aspects
from other data sources. First, it only contains data for patients with TB. Second, itis a
much richer data source. For each patient, it includes clinical and socioeconomic infor-
mation (e.g., treatment regimens, outcome, education level, etc.), imaging studies with
manual and Al-generated labels (CXR and possibly CT), and nally, the pathogen's
genomic information and the type of TB in terms of drug susceptibility (drug-sensitive
or speci ¢ type of drug-resistant TB (DR-TB) such as Mono DR, Poly DR, and XDR).

The PCOR project collected 4,947 frontal chest X-rays (CXR) and 178 CT images
with TB drug resistance information. Table 2 shows the number of patients from
whom CXRs or CTs have been collected each project year. This data has been added
to TB Portals, increasing the total data size to more than 6,000 patient records as of
November 2022. The data includes clinical data, radiographs, patient information, and
links to genomic information. It was the primary source of training data used in the
experiments. Before using it for the experiments, the data needed to be cleaned up;
for example, non-frontal chest X-rays and images of poor quality were removed. Lung
elds were extracted using image segmentation.

Access to TBPP data is managed. To access the data, users must sign a data
use agreement, describe their research project and agree not to distribute the data or
attempt to identify patients. Once approved, the data is available in two forms: (a)
download from a server using a dedicated protocol for the transfer of big data, which is
more appropriate for images (b) use of a RESTful API to retrieve the tabular data (all
data except images and genomic information). The former is updated quarterly and
the latter weekly.

For a more detailed overview of TBPP data sharing and usage examples, see:
https://datasharing.tbportals.niaid.nih.gov/.

CXR CT

2022 | 204(DS), 262(DR) | 1(DS), 3(DR)
2021 | 955(DS), 1891(DR) | 2(DS), 24(DR)
2020 | 527(DS), 1108(DR) | 56(DS), 92(DR)

Total | 1686(DS), 3261(DR)| 59(DS), 119(DR)

Table 2: TBPP imaging data acquired during the project. The table shows the number
of patients with drug-sensitive (DS) and drug-resistant (DR) TB manifesting in either
a CXR or CT.
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6.2 Machine Learning Algorithms - Objective 2

For this project, several machine classi ers were trained for di erent classi cation prob-
lems related to drug resistance using TBPP data; see also Objective 2 in Table 1.
Speci cally, classiers were developed to discriminate between not-TB and TB cases
and between drug-resistant and drug-sensitive cases using CXRs from about a dozen
countries (Objective 2, Deliverable i, ii). The project also classi ed di erent types of
drug resistance and used clinical and genomic data as additional information (Objective
2, Deliverable iii, iv, v). The following subsections provide more details about these
classi ers.

6.2.1 TB vs. not TB

For CXR images, the project employed deep learning models to classify TB vs. not-TB
(Objective 2, Deliverable i). Using an Xception network and pre-trained weights from

ImageNet, the implementation of batch normalization and dropout methods avoided
over tting. The training was based on a cross-entropy loss function in combination with

an Adam optimizer, using the publicly available Shenzhen and Montgomery County
CXR sets as training data.

Because the classi cation of TB vs. not-TB required CXRs with TB and CXRs with
no TB or with manifestations of other diseases for training, this classi cation problem
was not the project's primary focus. TBPP is concerned exclusively with TB drug
resistance and, thus, with radiographs featuring manifestations of TB. Nevertheless,
the software provided as one of the deliverables allows users to apply the trained model
or to train new models for this classi cation problem. For TB detection in CT images,
please see the following publication [19].

6.2.2 Drug-sensitive vs drug-resistant

Several deep learning architectures were tested to discriminate between drug-sensitive
and drug-resistant TB in CXRs, including AlexNet, InceptionV3, DenseNet169, and
InceptionResNetV2 (Objective 2, Deliverable ii). Using 10-fold cross-validation and
image augmentation to balance the data, AlexNet provided the highest accuracy of 75%,
followed by InceptionV3 [18]. To visualize the results, GRAD-CAM heatmaps localized
the areas a trained network deemed signi cant to distinguish between drug-resistant
and drug-sensitive TB. The project also compared the abnormality distribution among
sextants, extracted from the clinical data and radiological features, with the information
extracted from the GRAD-CAM visualization to nd correlations [17, 18].
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For CT images, nnUNet (a self-con guring algorithm for deep learning-based biomed-
ical image segmentation) detected lung regions on publicly available datasets, including
lung regions in CTs from TBPP [14]. A lung segmentation performance of 0.98 was
achieved, as measured by the Dice coe cient. Furthermore, the bounding boxes of these
lung regions served as input to the training stage for drug-resistant vs. drug-sensitive
TB classi cation in CTs, which resulted in roughly 60% AUC (area under the receiver
operating characteristic curve - ROC).

6.2.3 MDR vs XDR

The project addressed MDR vs. XDR drug resistance classi cation to investigate the
possibility of discriminating between both types with machine learning (Objective 2,
Deliverable iii). Using seven demographic and 25 radiological features, a Random Forest
Model (RF) was trained based on 592 MDR and 592 XDR cases from TBPP. The model
achieved an average accuracy of 63% and an AUC of 69%.

The extent to which this classi cation problem is solvable with the given data in
TB Portals remained unclear. Suppose MDR and XDR can be discriminated by com-
putational means on radiographs and clinical data; in that case, more data would likely
be needed to achieve a better classi cation performance.

6.2.4 Clinical data and radiological features

The relationship between lung nodules and drug resistance was a subject of investigation
(Objective 2, Deliverable iv). Several nodule features in the clinical data were used to
train a classi er that can discriminate between drug-resistant TB and drug-sensitive
TB. The following nodule features were used in particular: number of nodules3mm,
number of nodules within 3-8mm, number of calci ed or partially calci ed nodules,
number of non-calci ed nodules, and number of clustered nodules. Altogether, 26
radiological features consisting of 17 nodule/cavity-related features and nine other lung
abnormality features were used as the feature set in the experiments. After training a
machine classi er, a support vector machine (SVM), with these features, including age
and gender, the classi er achieved an average accuracy of 76% and an average AUC of
78% [26]. These results suggested that nodule features are possible indicators of drug
resistance.

The project also investigated the role of demographic features in distinguishing drug-
resistant TB from drug-sensitive TB [27]. In this study, seven demographic features were
used: gender, patient type (New, Relapse, or Failure), BMI, education, employment,
number of daily contacts, and number of children. For 2622 patients (1311 DS-TB +
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1311 DR-TB), a combination of demographic and radiological features performed better
than using only one feature type. The best performance was achieved by training a
Random Forest classi er using the demographic and 26 radiological features, which
provided an average accuracy of 75% and an average AUC of 83%. These results
suggested that demographic features are meaningful indicators of drug resistance.

Another study investigated the relationship between the number of sextants a ected
by lesions and TB drug resistance. Pearson's chi-squared test showed that two clinical
features and 22 radiological features are signi cantly associated with drug-resistant
TB. Ten-fold cross-validation using an SVM classi er achieved an average accuracy of
68.42% and an average AUC of 72.16% when combing three clinical features, twelve
nodule-related sextant features, and six cavity sextant features. Therefore, the study
suggested that the number of sextants a ected by lesions could be a predictor of drug-
resistant TB. Features were more frequent in upper sextants than in lower sextants. For
some features, such as non-calci ed nodules, clustered nodules, and multiple nodules,
the regions seemed to di er between drug-sensitive and drug-resistant patients, which
could be a subject of further research.

In another experiment, a decision tree model (Random Forest) was trained on 840
drug-sensitive and drug-resistant patients to compute a ranking for 27 features. Ac-
cording to this model, pleural e usion, huge nodules, and lung collapse are the most
critical features for detecting drug resistance.

For a clinical data analysis on 2237 patients (782 DS-TB + 1455 DR-TB), the
project con rmed that classi ers using a combination of clinical and radiological features
perform better than those using only one type of feature [26]. Data augmentation
achieved the best performance for a combination of features, with an average accuracy
of 72.34% and an average AUC of 78.42%.

Furthermore, the project analyzed risk factors for the recovery time of drug-sensitive
and drug-resistant patients based on a Cox proportional hazard model. The result
showed eight statistically signi cant factors, such as the number of very large lung
nodules and the type of drug resistance, among others.

6.2.5 Genomic data

The project used machine learning on radiological and genomic TBPP data to discrim-
inate between drug-sensitive and drug-resistant TB (Objective 2, Deliverable v). While
radiological data consisted of radiographs annotated by radiologists, genomic data com-
prised a detailed breakdown of the genomic composition of the pathogen. Several exper-
iments were performed for 4048 patient records, among which 2023 included genomic
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features, and 1163 had both radiological ndings from CXRs and genomic features.

The rst experiment investigated the performance of radiological and genomic fea-
tures for drug resistance prediction. Only one radiological feature (percent of pleural
e usion of involved hemithorax) was mildly correlated with one of the gene mutation
variants. Other radiological and genomic features were weakly correlated. Furthermore,
eight genomic features were strongly correlated with DR-TB. Seven genomic features
were mildly correlated with DR-TB. In contrast, radiological features were all weakly
correlated with DR-TB. Pearson's chi-squared test showed that 14 out of 18 radiolog-
ical features and 29 out of 43 genomic features were statistically signi cant regarding
DR-TB vs. DS-TB (p < 0.05).

A Random Forest algorithm was used to classify DR-TB and DS-TB. The trained
classi cation model achieved an average accuracy of 97% when combining radiological
and genomic features or using genomic features alone. At the same time, the model's
average accuracy based on radiological features alone was around 70%. This result
showed that radiological and genomic features could be used to predict DR, with the
genomic features alone or a combination of radiological and genomic features providing
the best performance.

In another experiment, pleural e usion was analyzed in more detail, as it is the only
radiological feature negatively correlated with one of the gene variants in the previous
experiment. Unfortunately, pleural e usion was not a good predictor of drug resistance.

Furthermore, machine learning was used to predict the period of a successful treat-
ment, again using both radiological and genomic features. Similar to prior experiments,
the connection between radiological/genomic features and treatment period (TP) was
investigated. TP correlated well with the genomic but poorly with the radiological
features. Pearson's chi-squared test showed that TP depends on nine of 18 radiological
features and most gene variants. A Gradient Boosting regression model predicted the
rst successful drug regimen length. This regression model had a mean absolute error
of 110 days using radiological and 93 days using both radiological and genomic features.
Because the treatment length could span up to three years, an error prediction of up
to three months encouraged future work.

For TBPP, the project found 29 drug combinations to treat DS-TB and 668 drug
combinations to treat DR-TB. Machine learning was used to predict the duration of the
rst treatment period of a speci ¢ drug regimen. Speci cally, the Gradient Boosting
regression model was trained on the top-3 most popular drug combinations. The most
popular drug cocktail in the TBPP data was Ethambutol, Isoniazid, Pyrazinamide, and
Rifampicin. For this drug combination, the regression model had a mean absolute error
of 34 days using radiological features, 36 days using genomic features, and 33 days using
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both features. The relative error was 17.7% using the radiological features, 19% using
the genomic features, and 17.6% using both feature sets. For the second most popular
drug combination, Ethambutol, Isoniazid, and Rifampicin, the genomic features did not
help improve the model prediction. The relative error was 8.1% using the radiological
features, 11.7% using the genomic features, and 11.4% using both feature sets. This
was attributed to the fact that most cases were DS-TB. The third most popular drug
regimen was Bedaquiline, Clofazimine, Cycloserine, Levo oxacin, and Linezolid, for
which the relative error was about 36% using the radiological features, 33% using the
genomic features, and 38% using both feature sets.

Finally, the rst culture change period (FCCP) was predicted using both radiolog-
ical and genomic features. There was a weak correlation between FCCP and genomic
and radiological features. The radiological features and most of the mutations were
independent of FCCP (p> 0.05), indicating that this is a challenging problem that
needs further investigation.

6.3 Presentations and Publications

As part of the outreach activities, according to Objective 3 of the deliverables, an "In-
ternational Workshop on Using Arti cial Intelligence to Identify Multi-Drug Resistant
TB and AIDS-TB Co-infections in Radiographs" was organized in Shenzhen, China,
in October 2019. The project was presented in a talk titled "Developing Al for drug
resistance detection in radiographs. Is it possible?"

The results of this project and the lessons learned were presented at conferences
and in journal papers. For example, at the 43rd Annual International Conference of
the IEEE Engineering in Medicine and Biology Society, a talk was given on "Identifying
Drug-Resistant Tuberculosis in Chest Radiographs: Evaluation of CNN Architectures
and Training Strategies,"” in which an AUC of 84% was reported for classifying drug-
resistant vs. drug-sensitive TB based on CXR images, using di erent augmentation
techniques, synthetic data, and other publicly available sources. The following lists all
papers published during the project; see the references at the end of this report.

" Karki M, Kantipudi K, Yang F, Yu H, Wang Y.X.J, Yaniv Z, Jaeger S. Gen-
eralization challenges in drug-resistant tuberculosis detection from chest X-rays.
MDPI Diagnostics, vol. 12, no. 1, pp. 188-210, 2022.

" Yang F, Yu H, Kantipudi K, Karki M, Kassim YM, Rosenthal A, Hurt DE, Yaniv
Z, Jaeger S. Di erentiating between drug-sensitive and drug-resistant tuberculosis
with machine learning for clinical and radiological features. Quantitative Imaging
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in Medicine and Surgery, vol. 12, no. 1, pp. 675-687, 2022.

~ Karki M, Kantipudi K, Yu H, Yang F, Kassim YM, Yaniv Z, Jaeger S. Identifying
drug-resistant tuberculosis in chest radiographs: Evaluation of CNN architectures
and training strategies. 43rd Annual International Conference of the IEEE Engi-
neering in Medicine and Biology Society (EMBC), pp. 2964-2967, 2021.

" Yang F, Yu H, Kantipudi K, Rosenthal A, Hurt DE, Yaniv Z, Jaeger S. Automated
drug-resistant TB screening: Importance of demographic features and radiolog-
ical ndings in chest X-ray. 50th IEEE Applied Imagery Pattern Recognition
Workshop (AIPR), pp. 1-4, 2021.

" Ma L, Wang Y, Guo L, Zhang Y, Wang P, Pei X, Qian L, Jaeger S, Ke X, Yin
X, Lure F. Developing and verifying automatic detection of active pulmonary
tuberculosis from multi-slice spiral CT images based on deep learning. Journal of
X-Ray Science and Technology, vol. 28, no. 5, pp. 939-951, 2020.

Zheng Q, Lu Y, Lure F, Jaeger S, Lu P. Clinical and radiological features of novel
coronavirus pneumonia. Journal of X-Ray Science and Technology, vol. 28, no.
3, pp. 391-404, 2020.

The project was part of a webinar on "Balancing Access to Federal Data Sets with
Enhancing Privacy and Security,” which was organized by ASPE. Together with the
project collaborators at NIAID, the presentation described the anonymization process
of the TBPP data so that it can be used for research, addressing potential privacy
problems and their solutions.

7 Lessons Learned and Future Directions

This section discusses the lessons learned as a consequence of this project and proposes
directions for future research, following a more detailed presentation of the challenges
in [17].

7.1 Encountered Challenges and Solutions

During this project, extensive experiments have been conducted to discriminate between
DR-TB and DS-TB in radiographs, clinical patient records, and genomic pathogen data.
Many of these experiments have either established or pushed the current state-of-the-
art. The results suggest that detecting DR-TB and predicting treatment outcomes and

20



times could be possible. Nevertheless, the early detection of DR-TB in chest radiographs
and clinical data remains a research subject.

For CXRs from TBPP, with image augmentation and the addition of synthetic
and publicly available images, the project achieved a high classi cation accuracy when
evaluating models on data from one source using cross-validation. However, a signi cant
performance degradation could be observed when evaluating trained models on unseen
data from a di erent source. The models did not generalize well on new data. This so-
called domain shift problem is a problem for many machine learning systems and is thus
a general Al problem. In [17], the project authors suggested a multi-task approach to
overcome this problem, but more research is needed to alleviate generalization problems.
Domain shift can be caused by di erences in image acquisition and non-pathological
and non-anatomical aspects interfering with the information relevant to DR-TB. The
capability of an Al system to provide consistent performance across di erent hospitals
and countries is vital for DR-TB detection and computer-aided diagnosis as a whole.

Multiple publications have described attempts to utilize images or clinical data to
distinguish between DR-TB and DS-TB. Several studies have shown that radiological
ndings in a CT or CXR could help di erentiate between the two classes. A literature
review from 2018 [25] concluded that thick-walled multiple cavities are a valuable pre-
dictor for DR-TB, with reasonable speci city but low sensitivity. Another study [12]
compared 183 DR-TB cases and 183 DS-TB cases, concluding that there were substan-
tial di erences in ndings between the two classes regarding lesion size and morphology.
A slightly larger study [11], which compared 468 DR-TB and 223 DS-TB cases, con-
cluded that a combination of the number and size of consolidated nodules is a good
predictor for DR-TB. Furthermore, a small study in [7] used data from 144 patients
and found that the presence of multiple cavities is a good predictor for DR-TB. Then, a
much larger study [5] compared 516 DR-TB and 1030 DS-TB cases, obtaining an AUC
of 0.83 using a regression model. This study observed that the co-existence of multiple
ndings was indicative of DR-TB. Finally, our more recent work compared 1455 DR-TB
and 782 DS-TB cases, using two clinical features and 23 radiological ndings [26]. An
SVM classi er was used to distinguish between DR-TB and DS-TB with an AUC of
0.78. One limitation of these approaches is the reliance on a radiologist's reading.

Several fully automated solutions were presented in the ImageCLEF 2017 and 2018
evaluation challenges [13]. These challenges included di erentiating between DR-TB
and DS-TB using thoracic CT images. Among the proposed approaches, Gentili et
al. [8] reformatted the CT images to the coronal plane and used a pre-trained ResNet50
CNN for classi cation. For the same challenge, Ishay et al. [15] used an ensemble of 3D
CNNs, Cid et al. [6] used a 3D texture-based graph model with SVMs, and Allaouzi et
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al. [2] replaced the softmax function of a 3D CNN architecture with an SVM. All entries
had limited success, resulting in AUCs of about 0.6. After two editions, the organizers
discontinued the TB drug resistance challenge, concluding that it was impossible to
solve based only on the image.

While the observations made by the radiologists seemed encouraging, the challenges
did not yield the desired results, suggesting that the sub-optimal performance may be
due to the small number of images made available for training. However, increasing the
number of CTs for this task is not trivial considering that the use of CT imaging for
DS-TB cases is uncommon, with the standard imaging modality being CXR. For CXR
images, the authors in [24] used a customized CNN architecture to classify DR-TB and
DS-TB in 2973 images from TBPP. They achieved a classi cation performance of 66%,
which improved to 67% when follow-up images were also included. Several authors of
this report have previously proposed fully automated methods for CXRs, as described
in [16, 18]. In [16], using 135 CXRs from a single source and a shallow neural network
resulted in an AUC of 0.66. In [18], a more extensive set was used, containing 3642
images from multiple sources. Using an InceptionV3 deep neural network pre-trained on
ImageNet, an AUC of 0.85 was obtained for this set, which is the current state-of-the-
art performance achieved with TBPP data. It is a signi cant improvement compared
to other approaches. However, even though 10-fold cross-validation was performed, the
ability of the trained network to classify CXRs from unseen domains was not evaluated.

The common weakness of most current automated methods is that they have not
been evaluated on a separate data source. As dierent imaging technologies and de-
vices produce images with di erent features and qualities, models must be robust to
these di erences. An underlying assumption of most machine learning algorithms is
that training and test data are independent and identically distributed. The learned
parameters will not perform well if the two distributions are di erent. That is, the
trained model will not generalize well on unseen data. While CXR imaging is a low-
cost modality in widespread use, the image feature variations in the acquired images
are signi cant [20, 4], bringing into question the utility of any proposed method that is
not evaluated on its generalization capability. Sathitratanacheewin et al. [23] observed
that a model for CXR-based TB diagnosis performed well with 0.85 AUC when tested
on images within their intramural dataset but observed a signi cant performance de-
terioration of the model when tested on extramural images, yielding an AUC of only
0.7. Harris et al. [10] reported that 80% of published works using CXR for TB diag-
nosis either used the same databases for training and testing or did not comment on
the databases they used for testing. For domain shift, when the distributions between
training and test sets di er, it has been shown that formulating training as a multi-task
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approach can reduce performance degradation [21]. In addition to domain shift, the
generalization capability of deep learning methods can also deteriorate when they learn
irrelevant features. Deep learning algorithms can pick up features in the training set
that are arbitrarily correlated with the disease and, thus, are entirely unrelated. For
example, these features can stem from the imaging devices' di erent characteristics or
clinical practices implemented, such as patient positioning [28, 3, 1]. If a model has
incorporated such features, it will not generalize well for di erent imaging devices or
clinical work ows, which are irrelevant to disease diagnosis. In [17], authors of this
report explored various strategies to improve the generalization of models for the clas-
si cation of CXRs as DR-TB or DS-TB using di erent normalization and attention
mechanisms, both explicit (segmentation-based) and implicit (multi-task based).

7.2 Ongoing Governance

The training data collected and the machine learning tools developed during this
project have been made publicly available. As stated above, the data is available via
TBPP (https://tbportals.niaid.nih.gov ) [22], and the software is downloadable
via GitHub ( https://github.com/NLMLHC/NLM-PCOR-TB. The TBPP data repository

and the GitHub software repository will receive regular updates in the foreseeable fu-
ture. TBPP will continue to be serviced and maintained by NIAID. Its patient records
were collected with the primary focus on acquiring drug-resistant cases, especially cases
that re ect the speci ¢ research interest in the country of origin. As a result, there is

an imbalance between drug-resistant and drug-sensitive cases, which does not neces-
sarily re ect the prevalence of TB from either class in a contributing country. More
data will be added to TBPP over time to a) increase the overall volume of TBPP and

b) reduce these imbalances. This will increase the importance of TBPP, which is al-
ready the most signi cant source of data regarding TB drug resistance. Adding more
data will make TBPP more useful for machine learning and, thus, more interesting for
PCOR researchers. Depending on projects and research results, NLM will update the
software in the GitHub repository accordingly. This could mean updating the models
to incorporate new data added to TBPP or rewriting current methods to re ect re-
cent developments in machine learning. If desired, the GitHub repository could also be
expanded with code from the PCOR community or other open-source developers.

7.3 Additional Clinical Areas

The methods developed in this PCOR project are generic because they are not re-
stricted to TB or drug resistance detection. Several underlying inference engines are
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based on CNNs, which have established themselves as successful tools for image anal-
ysis. Theoretically, they can detect various abnormalities or diseases in radiographs
or biomedical images in general. For example, in light of the COVID-19 crisis, the
project investigated how machine learning may help detect this disease in radiographs
(CXRs and CTs). Techniques similar to methods in this PCOR project can potentially
detect COVID-19 and increase the speci city of COVID-19 diagnosis. Speci cally, lung
features were identi ed that could be seen by an Al tool, as published in a survey
paper on clinical and radiological manifestations of coronavirus pneumonia [29]. Fea-
tures of other lung abnormalities and diseases could be targeted similarly. In addition,
computer-aided prediction of the treatment outcome and treatment length for other
diseases can be accomplished with the software tools developed in this project. In this
sense, the project has enhanced PCOR data infrastructure, providing a basis for future
PCOR activities beyond TB drug resistance, and o ering a platform for future research
in Al generalizability and explainability.

8 Conclusion

Deliverables and resources of this project have been made available via existing infras-
tructure that researchers can access, such as GitHub and NIAID's openly-accessible
TBPP for TB data sharing and analysis. Evidence generated from the application of
the developed Al methods supports the TBPP platform by setting the foundation for
researchers to develop scienti ¢c approaches so healthcare providers can match patients
to the best treatments based on their speci ¢ health conditions and pro les.

The hope is that the results of this project will encourage those building upon this
project's deliverables to advance these methods for the TB drug resistance use case,
develop similar use cases in other areas, and make their research resources publicly
available. Subsequent users of this project's tools, resources, and generated knowledge
could include a larger array of PCOR researchers and healthcare stakeholders. For
example, as regulatory agencies develop national policies that increasingly consider
patient-generated information in the approval of drugs and devices, evidence generated
from the application of machine learning to patient-centered outcomes research will be
bene cial. Healthcare systems innovators and clinicians can use the tools developed
and lessons learned to produce ndings that could impact clinical practice.
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