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Tuberculosis (TB) is the leading infectious cause 
of death worldwide (1). The World Health Or-

ganization estimated that >10 million persons had 
TB develop during 2023 (1). TB incidence in the 
United States is low at <3 cases/100,000 population 
(≈9,000 annual cases) reported in recent years (2). 
Most US TB cases reflect reactivation of past My-
cobacterium tuberculosis infection rather than recent 
transmission within US borders and most cases 
are diagnosed among non–US-born persons (2,3). 

However, outbreaks resulting from M. tuberculosis 
transmission within the United States continue to 
occur, disproportionately affect US-born persons, 
and can cause substantial illness (4–10). Therefore, 
targeted interventions to prevent M. tuberculosis 
transmission and TB outbreaks are crucial.

Public health interventions to prevent reactiva-
tion of latent TB differ from interventions designed 
to prevent M. tuberculosis transmission (11). Where-
as preventing reactivation requires diagnosing and 
treating asymptomatic latent TB among persons 
with epidemiologic risk factors (e.g., birth outside 
the United States) (3,12), preventing M. tuberculosis 
transmission requires intensive case management to 
promptly initiate treatment to cure TB and identify, 
fully evaluate, and treat close contacts of TB case-
patients (13). Clinically distinguishing between TB 
resulting from reactivation versus recent M. tuber-
culosis transmission often is impossible; thus, esti-
mates of the percentage of cases attributable to re-
cent transmission are needed to inform prioritization 
of resources and activities for TB prevention (14–20). 
With this aim, the Centers for Disease Control and 
Prevention (CDC) developed and validated a plausi-
ble source–case algorithm to estimate the percentage 
of TB cases attributable to recent transmission within 
US borders over a 2-year period (17,18). On the basis 
of that algorithm, ≈10%–15% of TB cases nationwide 
were attributed to recent M. tuberculosis transmis-
sion, but local estimates varied widely (17,21). Dur-
ing 2020–2021, a total of 1,400 cases were attributed 
to recent transmission in the 50 US states and the 
District of Columbia (21). Recent literature also sug-
gests heterogeneity in transmission at the individual 
case level; some analyses have proposed that trans-
mission associated with a few TB cases accounts for a 
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Tuberculosis (TB) outbreaks in the United States can 
cause substantial illness. Using surveillance and genotyp-
ing data, we applied a plausible source–case algorithm 
to identify TB cases reported during 2018–2020 respon-
sible for secondary cases attributed to recent Mycobac-
terium tuberculosis transmission during 2020–2022. We 
used mixed models and a machine learning workflow to 
assess sociodemographic, clinical, and social risk factors 
associated with plausible sources. In mixed models, spu-
tum smear positivity, cavitary disease, race/ethnicity other 
than non-Hispanic White or non-Hispanic Asian, age <65 
years, US birth, and homelessness were associated with 
plausible sources. An adaptive boosting model achieved 
an area under the receiver operating characteristic curve 
of 0.81 on test data. Transmission was heterogeneous; 
8.1% of sources linked to 3–15 secondary cases ac-
counted for 24.9% of transmission events. Focusing case 
management and contact investigations on cases with the 
characteristics we identified could reduce M. tuberculosis 
transmission and improve TB prevention.
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disproportionate share of secondary cases (15,16,22–
25) and that transmission associated with those cases 
is more likely to result in outbreaks (15,24). 

Focused interventions to prevent transmission, 
such as intensive case management and contact in-
vestigations for cases most likely to generate second-
ary cases, could reduce TB illnesses. Nonetheless, few 
analyses have sought to describe the characteristics of 
cases presumed to have transmitted M. tuberculosis to 
secondary cases (17,18). We used national molecular 
and case surveillance data to characterize the sociode-
mographic, clinical, and social risk factors associated 
with plausible TB source cases in the United States.

Materials and Methods

Data Sources
We obtained patient and case characteristics from 
the National Tuberculosis Surveillance System for in-
cident TB cases reported to CDC during 2018–2022; 
demographic, clinical, and social risk factors are re-
ported for each case (21). We included cases from all 
50 US states and the District of Columbia.

For community-level characteristics, we used the 
CDC/Agency for Toxic Substances and Disease Reg-
istry’s Social Vulnerability Index (SVI) based on the 
US Census Bureau’s 2016–2020 American Commu-
nity Survey (26). The SVI provides a relative vulner-
ability ranking for each US county by using 16 social 
factors grouped into 4 themes (i.e., socioeconomic 
status [SES], household characteristics, racial and eth-
nic minority status, and housing type and transpor-
tation) and an overall ranking. Rankings are values 
from 0 to 1, where higher values indicate higher social 
vulnerability.

We used genotyping data generated from whole-
genome sequencing methods that assign a whole-
genome multilocus sequence type (wgMLSType). 
M. tuberculosis isolate sequencing has been routinely 
available for >96% of culture-confirmed TB cases re-
ported since 2018. The wgMLSType is assigned by 
comparing the sequences of 2,672 genetic loci and 
designating the same wgMLSType to cases that have 
matching patterns at >99.7% of loci.

We performed whole-genome single-nucleotide 
polymorphism (wgSNP) comparisons for all iso-
late pairs identified by the plausible source–case al-
gorithm as a potential source and secondary case 
during the study period. We used BioNumerics 
7.6.3 (Applied Maths, http://www.applied-maths.
com) to perform wgSNP comparisons, which pro-
vide increased molecular resolution compared with 
wgMLSType. We excluded any single-nucleotide  

polymorphisms (SNPs) in a wgSNP comparison if to-
tal coverage was <5 reads or if it contained any am-
biguous or unreliable bases or gaps. We also excluded 
all SNPs that were <12 bp from another SNP.

Recent Transmission Estimates
We applied the field-validated plausible source–case 
algorithm to culture-confirmed, genotyped TB cas-
es reported during 2020–2022 that had nonunique 
wgMLSTypes. We attributed a case to recent trans-
mission if >1 plausible source case of pulmonary or 
laryngeal TB was diagnosed within the previous 2 
years in persons >10 years of age who had matching 
wgMLSType and resided within a 10-mile radius (18).

We excluded plausible source cases with iso-
lates that differed by >5 SNPs from the secondary 
case’s isolate to restrict the dataset to case pairs that 
are most likely to represent recent transmission (27). 
We extracted all remaining plausible source cases re-
ported during 2018–2020; we classified any case not 
identified as a plausible source case for >1 cases at-
tributed to recent transmission as a nonplausible 
source. Limiting the plausible source–case popula-
tion to 2018–2020 enabled an equal 2-year follow-up 
for any subsequent secondary cases when assigning 
plausible source case status.

Study Population
We used a single binary outcome for analyses, de-
fined as whether a case was identified as a plausible 
source case during 2018–2020 for >1 secondary cases 
attributed to recent transmission during 2020–2022. 
Because a secondary case can have multiple plausible 
sources, we assessed 2 scenarios: inclusion of all plau-
sible sources (all scenario) and selection of a single 
most likely plausible source (most likely scenario).

We developed a decision tree to determine the 
most likely plausible source case. For each secondary 
case, we selected a single most likely source by priori-
tizing minimum wgSNP distance, then documented 
epidemiologic link, followed by highest infectious-
ness index. We resolved ties at random (Figure 1). We 
applied the most likely scenario to plot the distribu-
tion of the number of secondary cases attributed to 
recent transmission during 2020–2022 associated with 
each plausible source identified during 2018–2020.

Descriptive Analyses
We compared individual-level demographic, clini-
cal, and social risk factors and community-level SVI 
measures of plausible versus nonplausible sources 
under both scenarios. To assess characteristics associ-
ated with plausible source cases that transmit to >3  
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secondary cases, we performed an additional descrip-
tive analysis by using the most likely scenario and 
stratified the outcome into 0, 1–2, and >3 secondary 
cases. We used χ2 test of independence or Fisher exact 
test for categorical variables and Wilcoxon rank-sum 
tests for continuous variables. We considered p<0.05 
statistically significant.

Generalized Linear Mixed Models
We fit a multivariable generalized linear mixed mod-
el (GLMM) to determine individual- and community-
level characteristics associated with being a plausible 
source case and developed separate models for the 
all and most likely scenarios. We incorporated a ran-
dom intercept for county to accommodate clustering 
of cases by county and inclusion of county-level SVI 
measures; we assessed the separate factors in any SVI 
theme that were significantly associated with the out-
come. We performed backward elimination starting 
with all variables included in the descriptive analysis. 
We assessed effect modification in the reduced model 
and evaluated multicollinearity by using variance in-
flation factors. We sequentially removed covariates 
if their exclusion decreased the Akaike information 

criterion, finalized models when no further improve-
ment was observed, and calculated adjusted odds ra-
tios (aORs) and 95% CIs.

Machine Learning Models
We also evaluated machine learning models (MLMs) 
that predict whether a TB case is estimated to be a 
plausible source. Using the most likely scenario, we 
developed a machine learning workflow to assess 
10 different methods and included all features (i.e., 
variables) from the descriptive analysis (28) (Appen-
dix, https://wwwnc.cdc.gov/EID/article/32/6/26-
0104-App1.pdf).

Sensitivity Analyses
We reran both the GLMM and MLM workflows to 
evaluate the effects of using the infectiousness index 
to determine the outcome and smear positivity and 
cavitary disease as predictors. First, we restricted the 
data to the subset of secondary cases for which the 
most likely plausible source was determined using 
only wgSNP difference or epidemiologic link. Then, 
we reran the selection hierarchy without the infec-
tiousness index (Appendix).

Figure 1. Determination of the most likely plausible source cases responsible for recent Mycobacterium tuberculosis transmission, 
United States, 2018–2022. Flowchart shows the structured decision process used to identify the most likely plausible source case. The 
algorithm evaluated SNP differences, epidemiologic links in the NTSS, and an index of infectiousness. If ties remained after applying 
those criteria, 1 plausible source case was randomly selected from the remaining candidates. CXR, chest radiograph; CT, computed 
tomography; NTSS, National Tuberculosis Surveillance System; SNP, single-nucleotide polymorphism; TB, tuberculosis.
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We used SAS version 9.4 (SAS Institute, Inc., 
https://www.sas.com) for data management, de-
scriptive analyses, and GLMM development and 
Python version 3.9.13 (Python Software Founda-
tion, https://www.python.org) for MLM analyses. 
CDC determined this activity to be routine public 
health surveillance and not human subjects re-
search. WGS was performed as part of routine pub-
lic health surveillance and no new sequence data 
were generated as part of this study. Sequence data 
included in this analysis are available in the Na-
tional Center for Biotechnology Information (Bio-
Project no. PRJNA1237251).

Results

Study Population
During 2018–2022, a total of 41,264 TB cases were 
reported from the 50 US states and the District of 
Columbia, of which 32,110 (77.8%) were culture-con-
firmed and genotyped, and 61% (n = 19,577) of cul-
ture-confirmed and genotyped cases were reported 
during 2018–2020. Using the plausible source–case 
algorithm, we identified 3,762 recent transmission 
source–secondary case pairs for which 1,922 (51.1%) 
were supported by wgSNP analysis (Figure 2). The 
1,922 case pairs comprised 922 cases attributed to 
recent transmission during 2020–2022, indicating a 

mean of 2.1 (range 1–24) plausible source cases per 
secondary case. We identified 893 (4.6%) unique plau-
sible source cases during 2018–2020 for the all scenar-
io (Table 1; Figure 2; Appendix Table 1). We found 
secondary cases attributed to recent transmission in 
44 states.

For the most likely scenario, we identified 645 
(3.3%) unique plausible source cases during 2018–
2020 (Table 2; Appendix Table 2). Among the 922 
cases attributed to recent transmission, we chose 753 
(81.7%) plausible source cases by using wgSNP differ-
ence, 114 (12.4%) by using the index of infectiousness, 
44 (4.8%) by using random selection, and 11 (1.2%) by 
using epidemiologic links (Appendix Table 4).

Descriptive Analyses
In the all scenario, plausible sources were more often 
male sex, US-born, <65 years of age, and other than 
non-Hispanic White or non-Hispanic Asian race/eth-
nicity, and they more frequently reported homeless-
ness and substance use. Those plausible sources also 
more often had smear positivity and cavitary disease. 
County-level social vulnerability was higher among 
plausible sources, especially the SES theme (Table 1; 
Appendix Table 1).

Using the most likely scenario, characteristic dis-
tribution differed greatly across the 3 transmission 
categories (nonplausible source, plausible source for 

Figure 2. Flow diagram showing selection of recent transmission source–secondary case pairs from 50 states and Washington, DC, 
included in an analysis of plausible source cases responsible for recent Mycobacterium tuberculosis transmission, United States, 
2018–2022. Among 3,762 RT case pairs identified, case pairs with >5 SNP differences were excluded (n = 1,840), leaving 1,922 
WGS–validated RT case pairs. The analytic dataset included 922 TB cases attributed to RT during 2020–2022 and plausible source 
cases identified during 2018–2020 (all plausible source cases [n = 893] and most likely plausible source cases [n = 645]). RT, recent 
transmission; SNP, single-nucleotide polymorphism; TB, tuberculosis; WGS, whole-genome sequencing.
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Table 1. Characteristics of all plausible source TB cases during 2018–2020 responsible for recent Mycobacterium tuberculosis 
transmission during 2020–2022, United States* 
Characteristic Nonplausible source Plausible source p value† 
Total cases, n = 19,577 18,684 (95.4) 893 (4.6) 

 

Sex 
  

<0.001 
 M 11,465 (61.4) 631 (70.7) 

 

 F 7,216 (38.6) 262 (29.3) 
 

 Unknown 3 (0) 0 
 

Age, y 
  

<0.001 
 <5 185 (1.0) 0 

 

 5–14 191 (1.0) 13 (1.5) 
 

 15–24 1,802 (9.6) 120 (13.4) 
 

 25–44 5,521 (29.5) 338 (37.9) 
 

 45–64 5,503 (29.5) 337 (37.7) 
 

 >65 5,482 (29.3) 85 (9.5) 
 

Origin of birth   <0.001 
 United States 4,829 (25.8) 536 (60.0)  
 Non-US country 13,826 (74.0) 356 (39.9)  
 Unknown 29 (0.2) 1 (0.1)  
Race and ethnicity‡ 

  
<0.001 

 Hispanic or Latino 5,459 (29.2) 290 (32.5) 
 

 American Indian/Alaska Native 161 (0.9) 47 (5.3) 
 

 Native Hawaiian/Pacific Islander 215 (1.2) 29 (3.2) 
 

 Black 3,377 (18.1) 325 (36.4) 
 

 Asian 7,161 (38.3) 86 (9.6)  
 White 2,115 (11.3) 104 (11.6)  
 Multiple race 137 (0.7) 6 (0.7)  
 Unknown 59 (0.3) 6 (0.7)  
Resident of a correctional facility at TB diagnosis 

  
<0.001 

 Y 464 (2.5) 49 (5.5) 
 

 N 18,154 (97.2) 834 (93.4) 
 

 Unknown 66 (0.3) 10 (1.1) 
 

Experiencing homelessness within past 12 mo 
  

<0.001 
 Y 744 (4.0) 138 (15.4) 

 

 N 17,776 (95.1) 740 (82.9) 
 

 Unknown 164 (0.9) 15 (1.7) 
 

Excess alcohol use within past 12 mo 
  

<0.001 
 Y 1,618 (8.7) 184 (20.6) 

 

 N 16,783 (89.8) 687 (76.9) 
 

 Unknown 283 (1.5) 22 (2.5) 
 

Noninjection drug use within past 12 mo   <0.001 
 Y 1,213 (6.5) 204 (22.8)  
 N 17,022 (91.1) 650 (72.8)  
 Unknown 449 (2.4) 39 (4.4)  
Sputum smear 

  
<0.001 

 Positive 8,788 (47.0) 621 (69.5) 
 

 Negative 7,759 (41.5) 217 (24.3) 
 

 Not done 2,119 (11.3) 55 (6.2) 
 

 Unknown 18 (0.1) 0 
 

Cavitary disease§ 
  

<0.001 
 Y 6,638 (35.5) 541 (60.6) 

 

 N 9,877 (52.9) 310 (34.7) 
 

 Unknown 2,169 (11.6) 42 (4.7) 
 

Contact of infectious tuberculosis patient during past 2 y 
  

<0.001 
 Y 970 (5.2) 122 (13.7) 

 

 Unknown/not reported 17,714 (94.8) 771 (86.3) 
 

Median Social Vulnerability Index score (IQR) ¶ 0.73 (0.49–0.86) 0.83 (0.66–0.89) <0.001# 

 Socioeconomic status 0.65 (0.34–0.86) 0.80 (0.58–0.92) <0.001# 

 Household characteristics 0.45 (0.23–0.70) 0.56 (0.32–0.74) <0.001# 

 Racial and ethnic minority status 0.91 (0.78–0.96) 0.92 (0.82–0.97) <0.001# 

 Housing type and transportation 0.78 (0.61–0.90) 0.83 (0.68–0.91) <0.001# 

*Values are no. (%) except as indicated. IQR, interquartile range; TB, tuberculosis.  
†2 test or Fisher exact test when <5 cases expected. 
‡Except for Hispanic or Latino, all are non-Hispanic. 
§Evidence of >1 lung cavities with chest radiograph, chest computerized tomography, or both. 
¶Overall Social Vulnerability Index includes 16 US Census indicators from the 5-year American Community Survey grouped into 4 themes: socioeconomic 
status, household characteristics, racial and ethnic minority status, and housing type and transportation. Ranking values range from 0 to 1, and higher 
values indicate higher vulnerability and are merged to each case using the patient’s county of residence.  
#Wilcoxon rank sum test.  



Plausible Source Cases for M. tuberculosis

	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 32, No. 6, June 2026	 885

 
Table 2. Characteristics of most likely plausible source TB cases during 2018–2020 responsible for recent Mycobacterium tuberculosis 
transmission during 2020–2022, United States* 
Characteristic Nonplausible source Plausible source p value† 
Total no. (%) cases, n = 19,577 18,932 (96.7) 645 (3.3) 

 

Sex 
  

<0.001 
 M 11,640 (61.5) 456 (70.7) 

 

 F 7,289 (38.5) 189 (29.3) 
 

 Unknown 3 (0.0) 0 (0.0) 
 

Age, y 
  

<0.001 
 <5 185 (1.0) 0 (0.0) 

 

 5–14 198 (1.0) 6 (0.9) 
 

 15–24 1,828 (9.7) 94 (14.6) 
 

 25–44 5,620 (29.7) 239 (37.1) 
 

 45–64 5,597 (29.6) 243 (37.7) 
 

 >65 5,504 (29.1) 63 (9.8) 
 

Origin of birth   <0.001 
 United States 5,022 (26.5) 343 (53.2)  
 Non-US country 13,881 (73.3) 301(46.7)  
 Unknown 29 (0.2) 1 (0.2)  
Race and ethnicity‡ 

  
<0.001 

 Hispanic or Latino 5,513 (29.1) 236 (36.6) 
 

 American Indian/Alaska Native 186 (1.0) 22 (3.4) 
 

 Native Hawaiian/Pacific Islander 221 (1.2) 23 (3.6) 
 

 Black 3,486 (18.4) 216 (33.5) 
 

 Asian 7,175 (37.9) 72 (11.2)  
 White 2,150 (11.4) 69 (10.7)  
 Multiple race 141 (0.7) 2 (0.3)  
 Unknown 60 (0.3) 5 (0.8)  
Resident of a correctional facility at time of TB diagnosis 

  
<0.001 

 Y 483 (2.6) 30 (4.7) 
 

 N 18,381 (97.1) 607 (94.1) 
 

 Unknown 68 (0.4) 8 (1.2) 
 

Experiencing homelessness within past 12 mo 
  

<0.001 
 Y 793 (4.2) 89 (13.8) 

 

 N 17,973 (94.9) 543 (84.2) 
 

 Unknown 166 (0.9) 13 (2.0) 
 

Excess alcohol use within past 12 mo 
  

<0.001 
 Y 1,683 (8.9) 119 (18.5) 

 

 N  16,961 (89.6) 509 (78.9) 
 

 Unknown 288 (1.5) 17 (2.6) 
 

Noninjection drug use within past 12 mo   <0.001 
 Y 1,273 (6.7) 144 (22.3)  
 N  17,199 (90.9) 473 (73.3)  
 Unknown 460 (2.4) 28 (4.3)  
Sputum smear 

  
<0.001 

 Positive 8,909 (47.1) 500 (77.5) 
 

 Negative 7,863 (41.5) 113 (17.5) 
 

 Not done 2,142 (11.3) 32 (5.0) 
 

 Unknown 18 (0.1) 0 (0.0) 
 

Cavitary disease§ 
  

<0.001 
 Y 6,737 (35.6) 442 (68.5) 

 

 N  10,004 (52.8) 183 (28.4) 
 

 Unknown 2,191 (11.6) 20 (3.1) 
 

Contact of infectious tuberculosis patient during prior 2 y 
  

<0.001 
 Y 1,030 (5.4) 62 (9.6) 

 

 Unknown/not reported 17,902 (94.6) 583 (90.4) 
 

Median Social Vulnerability Index score (IQR)¶ 0.73 (0.49–0.86) 0.80 (0.65–0.89) <0.001# 

 Socioeconomic status 0.65 (0.34–0.87) 0.79 (0.56–0.90) <0.001# 

 Household characteristics 0.46 (0.23–0.70) 0.55 (0.32–0.74) <0.001# 

 Racial and ethnic minority status 0.91 (0.78–0.97) 0.91 (0.81–0.97) 0.006# 

 Housing type and transportation 0.78 (0.61–0.90) 0.82 (0.67–0.91) <0.001# 

*Values are no. (%) except as indicated. IQR, interquartile range; TB, tuberculosis.  
†2 test or Fisher exact test when <5 cases expected. 
‡Except for Hispanic or Latino, all are non-Hispanic. 
§Evidence of >1 lung cavities with chest radiograph, chest computerized tomography, or both. 
¶Overall Social Vulnerability Index includes 16 US Census indicators from the 5-year American Community Survey grouped into 4 themes: socioeconomic 
status, household characteristics, racial and ethnic minority status, and housing type and transportation. Ranking values range from 0 to 1, and higher 
values indicate higher vulnerability and are merged to each case using the patient’s county of residence. 
#Wilcoxon rank sum test. 
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1–2 cases, and plausible source for >3 cases) (Table 
3; Appendix Table 3). Descriptively, among plausi-
ble source cases estimated to have transmitted to >3 
(range 3–15) secondary cases, the highest percentages 
were among persons reporting male sex, 25–44 years 
of age, US-born, non-Hispanic Black race/ethnicity, 
experiencing homelessness, noninjection drug use, 
sputum smear positivity, and cavitary disease. Social 
vulnerability, including all 4 SVI themes, was also 
highest for the >3 secondary cases category.

GLMMs
Of the 19,577 cases available for analysis, we exclud-
ed 311 (1.6%) with missing data for sex, birth coun-
try, race/ethnicity, sputum smear, or county. We 
excluded all cases among children 0–4 years of age 
from analysis because plausible source cases had to 
be >10 years of age. For the all scenario, we found 
that the following characteristics were most associat-
ed with being a plausible source case: race/ethnicity, 
specifically Native Hawaiian/Pacific Islander non-
Hispanic (aOR 5.34 [95% CI 3.11–9.17]), American In-
dian/Alaska Native non-Hispanic (aOR 2.12 [95% CI 
1.10–4.06]), and Black non-Hispanic (aOR 1.82 [95% 
CI 1.40–2.36]), compared with White non-Hispanic 
persons; age <65 years compared with >65 years of 
age, the greatest association of which was 15–24 years 
of age (aOR 3.01 [95% CI 2.21–4.30]); US-born (aOR 
2.41 [95% CI 1.99–2.91]); experiencing homelessness 
(aOR 1.89 [95% CI 1.49–2.39]); and indicators of in-
fectiousness, specifically positive sputum smear (aOR 
1.71 [95% CI 1.42–2.07]) and cavitary disease (aOR 
1.69 [95% CI 1.42–2.00]) (Table 4). Noninjection drug 
use, male sex, and Hispanic ethnicity also were asso-
ciated with plausible source cases.

Among the SVI themes, only SES was significant-
ly associated with plausible source cases in multivari-
able generalized linear mixed modeling (p<0.001). 
Thus, we included 2 of the SES component factors in 
the final model: housing cost burden (aOR 1.20 [95% 
CI 1.06–1.36]), defined as households spending >30% 
of annual income on housing (26); and not having 
health insurance (aOR 1.13 [95% CI 1.02–1.25]). We 
calculated SVI aORs on the basis of a 0.20-unit (i.e., 
20%) increase for each factor. Multicollinearity was 
modest for age and race/ethnicity, but no variance 
inflation factors exceeded 4. We found no statistically 
significant effect modification in the final model. 

The final model for the most likely scenario in-
cluded the same variables as the all scenario except 
for SES factors (Table 5). We only retained the not 
having health insurance (aOR 1.12 [95% CI 1.04–1.21]) 
factor in that model.

Machine Learning Predictive Models
After random selection of nonplausible source cases, 
we ran MLMs under the most likely scenario by us-
ing 3,456 observations, among which we used 2,686 
(77.8%) for training and 770 (22.2%) for testing (Ap-
pendix Table 5). We assessed recall and F1 statistic, 
which is the harmonic mean of weighted-average 
recall and weighted-average precision computed as 
prevalence-weighted averages across the classes. We 
noted recall and F1 statistic were highest for gradi-
ent boosting (recall 0.758; F1 0.752), adaptive boosting  
(recall 0.751; F1 0.750), and random forest (recall 0.755; 
F1 0.740) methods; we selected those methods for hy-
perparameter tuning. The tuned adaptive boosting 
model had the highest area under the receiver operat-
ing characteristic curve (AUC; 0.780) (Appendix). 

We found no reduction in predictive perfor-
mance for the tuned adaptive boosting model when 
applied to the test set (F1 0.761; AUC 0.811) versus 
model training (F1 0.755; AUC 0.780). Sensitivity was 
55.4% (95% CI 48.7%–62.2%), specificity 82.7% (95% 
CI 79.5%–85.8%), and AUC 0.81 (95% CI 0.78–0.84) 
with the test set. Individual-level factors dominated 
feature importance and county-level SVI measures 
were less predictive (Figure 3; Appendix).

Distribution of Secondary Cases Associated with  
Plausible Source Cases
The distribution of the number of secondary cases 
attributed to each plausible source case was right 
skewed, indicating heterogeneity of TB transmission 
(Appendix Figure). Most (76.6%, n = 494) plausible 
source cases transmitted to a single secondary case 
and comprised 53.6% of all estimated transmission 
events. Plausible source cases that transmitted to 3–15 
secondary cases (8.1%, n = 52) comprised 24.9% of all 
estimated transmission events.

Sensitivity Analyses
We restricted analyses to source assignments solely 
on the basis of wgSNP difference or epidemiologic 
link and we removed the index of infectiousness 
from the hierarchy. In both instances, associations for 
smear positivity and cavitary disease were modestly 
attenuated but remained statistically significant (Ap-
pendix Table 6).

Discussion
M. tuberculosis transmission was rare in the United 
States during 2018–2022; nonetheless, cases attrib-
uted to recent transmission were diagnosed in near-
ly every US state. In mixed models, sputum smear 
positivity, cavitary disease, race/ethnicity other than  
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Table 3. Characteristics of most likely plausible TB cases during 2018–2020 responsible for recent Mycobacterium tuberculosis 
transmission to >1 secondary TB cases during 2020–2022, United States* 

Characteristic Nonplausible source 
Plausible source for >1 TB cases 

p value† 1–2 cases >3 cases 
Total no. (%) cases, n = 19,577 18,932 (96.7) 593 (3.0) 52 (0.3) 

 

Sex 
   

<0.001 
 M 11,640 (61.5) 415 (70.0) 41 (78.9) 

 

 F 7,289 (38.5) 178 (30.0) 11 (21.1) 
 

 Unknown 3 (0.0) 0 (0.0) 0 (0.0) 
 

Age, y 
   

<0.001 
 <5 189 (1.0) 0 (0.0) 0 (0.0) 

 

 5–14 198 (1.0) 6 (1.0) 0 (0.0) 
 

 15–24 1,828 (9.7) 87 (14.7) 7 (13.5) 
 

 25–44 5,620 (29.7) 214 (36.1) 25 (48.1) 
 

 45–64 5,597 (29.6) 225 (37.9) 18 (34.6) 
 

 >65 5,504 (29.1) 61 (10.3) 2 (3.8) 
 

Origin of birth    <0.001 
 United States 5,022 (26.5) 306 (51.6) 37 (71.2)  
 Non-US country 13,881 (73.3) 286 (48.2) 15 (28.8)  
 Unknown 29 (0.2) 1 (0.2) 0 (0.0)  
Race and ethnicity‡ 

   
<0.001 

 Hispanic or Latino 5,513 (29.1) 227 (38.3) 9 (17.3) 
 

 American Indian/Alaska Native 186 (1.0) 15 (2.5) 7 (13.5) 
 

 Native Hawaiian/Pacific Islander 221 (1.2) 22 (3.7) 1 (1.9) 
 

 Black 3,486 (18.4) 188 (31.7) 28 (53.8) 
 

 Asian 7,175 (37.9) 68 (11.5) 4 (7.7)  
 White 2,150 (11.4) 66 (11.1) 3 (5.8)  
 Multiple race 141 (0.7) 2 (0.3) 0 (0.0)  
 Unknown 60 (0.3) 5 (0.8) 0 (0.0)  
Resident of a correctional facility at time of TB diagnosis 

   
<0.001 

 Y 483 (2.5) 27 (4.5) 3 (5.8) 
 

 N 18,381 (97.1) 559 (94.3) 48 (92.3) 
 

 Unknown 68 (0.4) 7 (1.2) 1 (1.9) 
 

Experiencing homelessness within past 12 mo 
   

<0.001 
 Y 793 (4.2) 78 (13.1) 11 (21.1) 

 

 N 17,973 (94.9) 504 (85.0) 39 (75.0) 
 

 Unknown 166 (0.9) 11 (1.9) 2 (3.9) 
 

Excess alcohol use within past 12 mo 
   

<0.001 
 Y 1,683 (8.7) 109 (18.4) 10 (19.2) 

 

 N  16,961 (89.6) 471 (79.4) 38 (73.1) 
 

 Unknown 288 (1.5) 13 (2.2) 4 (7.7) 
 

Noninjection drug use within past 12 mo    <0.001 
 Y 1,273 (6.7) 124 (20.9) 20 (38.5)  
 N  17,199 (90.9) 446 (75.2) 27 (51.9)  
 Unknown 460 (2.4) 23 (3.9) 5 (9.6)  
Sputum smear 

   
<0.001 

 Positive 8,909 (47.1) 455 (76.7) 45 (86.5) 
 

 Negative 7,863 (41.5) 108 (18.2) 5 (9.6) 
 

 Not done 2,142 (11.3) 30 (5.1) 2 (3.9) 
 

 Unknown 18 (0.1) 0 (0.0) 0 (0.0) 
 

Cavitary disease§ 
   

<0.001 
 Y 6,737 (35.6) 402 (67.8) 40 (76.9) 

 

 N  10,004 (52.8) 173 (29.2) 10 (19.2) 
 

 Unknown 2,191 (11.6) 18 (3.0) 2 (3.9) 
 

Contact of infectious tuberculosis patient during prior 2 y 
   

<0.001 
 Y 1,030 (5.4) 55 (9.3) 7 (13.5) 

 

 Unknown/not reported 17,902 (94.6) 538 (90.7) 45 (86.5) 
 

Median Social Vulnerability Index score (IQR)¶ 0.73 (0.49–0.86) 0.80 (0.64–0.89) 0.86 (0.78–0.89) <0.001 

 Socioeconomic status 0.65 (0.34–0.86) 0.77 (0.56–0.88) 0.84 (0.70–0.92) <0.001 

 Household characteristics 0.46 (0.23–0.70) 0.54 (0.31–0.74) 0.57 (0.32–0.77) <0.001 

 Racial and ethnic minority status 0.91 (0.78–0.97) 0.91 (0.81–0.97) 0.93 (0.83–0.97) 0.01 

 Housing type and transportation 0.78 (0.61–0.90) 0.82 (0.67–0.91) 0.85 (0.68–0.91) <0.001 

*Values are no. (%) except as indicated. IQR, interquartile range; TB, tuberculosis.  
†2 test or Fisher exact test when <5 cases expected; indicates differences across the 3 categories. 
‡Except for Hispanic or Latino, all are non-Hispanic. 
§Evidence of >1 lung cavities with chest radiograph, chest computerized tomography, or both. 
¶Overall Social Vulnerability Index includes 16 US Census indicators from the 5-year American Community Survey grouped into 4 themes: socioeconomic 
status, household characteristics, racial and ethnic minority status, and housing type and transportation. Ranking values range from 0 to 1, and higher 
values indicate higher vulnerability and are merged to each case using the patient’s county of residence. p value calculated by Kruskal-Wallis test. 
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non-Hispanic White or Asian, age 15–44 years, being 
US-born, and homelessness were associated with be-
ing a plausible source for transmission. We found het-
erogeneous transmission and 8.1% of plausible source 
cases identified by the recent transmission algorithm 
were linked to 3–15 secondary cases and accounted 
for 24.9% of inferred transmission events. Among 
plausible source cases identified during 2018–2020 

that were linked to >3 secondary cases, 86.5% were 
sputum smear–positive versus 48.1% of all geno-
typed cases reported during that period; similarly, 
76.9% of plausible source cases had cavitary disease 
versus 36.7% of all genotyped cases. US-born persons 
only accounted for 27.4% of all genotyped cases, but 
71.2% of plausible sources linked to >3 secondary 
cases were among US-born persons.

Table 4. Multivariable model results for all plausible source TB cases during 2018–2020 responsible for recent Mycobacterium 
tuberculosis transmission during 2020–2022, United States* 
Characteristic Plausible sources, no. (%) aOR (95% CI) 
Total no. (%) cases, n = 19,266 886 (4.6)† NA 
Sex 

  

  M 625 (70.5) 1.26 (1.07–1.48) 
 F 261 (29.5) Referent 
Age, y   
 10–14 13 (1.5) 2.26 (1.17–4.10) 
 15–24 120 (13.5) 3.01 (2.21–4.30) 
 25–44 334 (37.7) 2.70 (2.08–3.51) 
 45–64 334 (37.7) 2.51 (1.94–3.25) 
 >65 85 (9.6) Referent 
Origin of birth 

  

 United States 535 (60.4) 2.41 (1.99–2.91) 
 Outside United States 351 (39.6) Referent 
 Unknown 

  

Race and ethnicity‡   
 Hispanic or Latino 289 (32.6) 1.52 (1.15–2.02) 
 American Indian/Alaska Native 47 (5.3) 2.12 (1.10–4.06) 
 Native Hawaiian/Pacific Islander 29 (3.3) 5.34 (3.11–9.17) 
 Black 325 (36.7) 1.82 (1.40–2.36) 
 Asian 86 (9.7) 0.63 (0.45–0.90) 
 White 104 (11.7) Referent 
 Multiple race 6 (0.7) 1.03 (0.41–2.61) 
Experiencing homelessness within past 12 mo 

  

  Y 137 (15.5) 1.89 (1.49–2.39) 
 N 735 (83.0) Referent 
 Unknown 14 (1.6) 1.22 (0.62–2.39) 
Noninjection drug use within past 12 mo 

  

  Y 204 (23.0) 1.38 (1.12–1.69) 
 N 646 (72.9) Referent 
 Unknown 36 (4.1) 1.68 (1.08–2.59) 
Sputum smear   
 Positive 615 (69.4) 1.71 (1.42–2.07) 
 Negative 216 (24.4) Referent 
 Not done 55 (6.2) 0.98 (0.69–1.39) 
Cavitary disease§ 

  

  Y 536 (60.5) 1.69 (1.42–2.00) 
 N 309 (34.9) Referent 
 Unknown 41 (4.6) 0.63 (0.44–0.90) 
Type of therapy 

  

 Directly observed therapy alone 591 (66.7) 0.72 (0.51–1.02) 
 Self-administered therapy alone 9 (1.0) 0.35 (0.16–0.73) 
 Both 230 (26.0) 0.62 (0.43–0.90) 
 Unknown 56 (6.3) Referent 
Social Vulnerability Index score¶ 

  

 SES—housing cost burden NA 1.20 (1.06–1.36) 
 SES—no health insurance NA 1.13 (1.02–1.25) 
*Outcome of plausible source versus not a plausible source for all cases of tuberculosis with a genotyped isolate. Excludes cases with missing sex, origin 
of birth, race/ethnicity, unknown sputum smear status, 0–4 years of age, and county of residence. All plausible source cases identified by the recent 
transmission algorithm for a given secondary case are included. aOR, adjusted odds ratio; SES, socioeconomic status; TB, tuberculosis. 
†Of 19,266 included case-patients. 
‡Except for Hispanic or Latino, all are non-Hispanic. 
§Evidence of >1 lung cavities with chest radiograph, chest computerized tomography, or both. 
¶Social Vulnerability Index includes 16 US Census indicators from the 5-year American Community Survey grouped into 4 themes: SES, household 
characteristics, racial and ethnic minority status, and housing type and transportation. Ranking values range from 0 to 1, and higher values indicate higher 
vulnerability and are merged to each case using the patient’s county of residence. ORs based on a 0.2-unit (20%) change for that indicator. 
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Our results align with prior investigations of 
source-case characteristics. A study from the Nether-
lands defined source cases as the first case diagnosed 
in a genotype-matched cluster (29). That study found 
fewer secondary cases for female sex and decreas-
ing numbers of cases with increasing source age. In 
another study conducted among smear-positive TB 
patients in Barcelona, Spain, researchers used con-
tact investigations to identify secondary cases and 
found that more secondary cases occurred after cases 
in younger adults, those with cavitary disease, and  

persons who injected drugs (30). In Peru, sources 
identified by using wgSNP distance more often were 
<34 years of age, were male, and had incarceration 
history or reported alcohol use or smoking (31).

Characteristics of plausible source cases in our 
study were like characteristics of cases estimated 
to be attributed to recent transmission. One study 
found that among the largest 10% of recent transmis-
sion clusters, cases attributed to recent transmission 
were more likely to be in persons who were US-born, 
American Indian/Alaska Native non-Hispanic, Native  

 
Table 5. Multivariable model results for most likely plausible source TB cases during 2018–2020 responsible for recent Mycobacterium 
tuberculosis transmission during 2020–2022, United States 
Characteristics Plausible sources, no. (%) aOR (95% CI) 
Total no. cases, (%); n = 19,126 637 (3.3) NA 
Sex   
  M 449 (70.5) 1.26 (1.05–1.52) 
 F 188 (29.5) Referent 
Age, y   
 10–14 6 (0.9) 2.00 (0.83–4.82) 
 15–24 92 (14.4) 3.03 (2.15–4.27) 
 25–44 236 (37.1) 2.56 (1.90–3.45) 
 45–64 240 (37.7) 2.38 (1.78–3.19) 
 >65 63 (9.9) Referent 
Origin of birth   
 United States 341 (53.5) 1.95 (1.58–2.41) 
 Outside United States 296 (46.5) Referent 
Race and ethnicity†   
 Hispanic or Latino 235 (36.9) 1.72 (1.25–2.35) 
 American Indian/Alaska Native 22 (3.5) 2.71 (1.47–4.98) 
 Native Hawaiian/Pacific Islander 23 (3.6) 5.72 (3.30–9.93) 
 Black 216 (33.9) 1.90 (1.42–2.55) 
 Asian 72 (11.3) 0.76 (0.52–1.11) 
 White 69 (10.8) Referent 
Experiencing homelessness within past 12 mo.   
  Y 88 (13.8) 1.59 (1.22–2.07) 
 N 537 (84.3) Referent 
 Unknown 12 (1.9) 1.73 (0.88–3.38) 
Noninjection drug use within past 12 mo.   
  Y 144 (22.6) 1.49 (1.19–1.87) 
 N 468 (73.5) Referent 
 Unknown 25 (3.9) 1.42 (0.87–2.31) 
Sputum smear   
 Positive 494 (77.5) 2.33 (1.85–2.93) 
 Negative 112 (17.6) Referent 
 Not done 31 (4.9) 1.14 (0.74–1.76) 
Cavitary disease‡   
  Y 438 (68.8) 2.07 (1.70–2.52) 
 N 181 (28.4) Referent 
 Unknown 18 (2.8) 0.54 (0.33–0.89) 
Type of therapy   
 Directly observed therapy alone 413 (64.8) 0.62 (0.43–0.90) 
 Self-administered therapy alone 7 (1.1) 0.38 (0.17–0.88) 
 Both 173 (27.2) 0.55 (0.37–0.81) 
 Unknown 44 (6.9) Referent 
Social Vulnerability Index score§   
   SES—no health insurance NA 1.12 (1.04–1.21) 
*Outcome of plausible source versus not plausible source for all cases of tuberculosis disease with a genotyped isolate. Excludes cases with missing sex, 
origin of birth, race/ethnicity, unknown sputum smear status, and children 0–4 years of age. Most likely plausible source identified for each secondary 
case is included (Figure 1). aOR, adjusted odds ratio; NA, not applicable; SES, socioeconomic status; TB, tuberculosis. 
†Except for Hispanic or Latino, all are non-Hispanic. 
‡Evidence of 1 or more lung cavities with chest radiograph, chest computerized tomography scan, or both. 
§Social Vulnerability Index includes 16 US Census indicators from the 5-year American Community Survey grouped into 4 themes: SES, household 
characteristics, racial and ethnic minority status, and housing type and transportation. Ranking values range from 0 to 1, and higher values indicate higher 
vulnerability and are merged to each case using the patient’s county of residence. ORs based on a 0.2-unit (20%) change for that indicator. 
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Hawaiian/Pacific Islander non-Hispanic, Black non-
Hispanic, and Asian non-Hispanic and who reported 
homelessness (17).

In our study, positive sputum smear and cavitary 
disease, markers of infectiousness and advanced dis-
ease (32–34), were consistently associated with source 
case status in both GLMM and MLM, including sensi-
tivity analyses where those factors were not used to se-
lect between potential source cases. Those associations 
support the current practice of prioritizing contact in-
vestigations for smear-positive and cavitary TB cases 
(13) and suggest that diagnostic delays contribute to 
transmission. Delays might reflect barriers to care, in-
cluding homelessness (4, 5,10,35), or missed diagnoses 
after seeking healthcare services (36). Because TB is 
uncommon in the United States, clinicians might not 
routinely consider it in symptomatic patients. Of note, 
whereas most US TB cases occur among persons born 
outside the United States, plausible source cases in our 
study had higher odds of being in US-born persons. 
Although Asian non-Hispanic persons account for 
most TB cases (21), they were not substantially associ-
ated with plausible source status in this study. Missed 
diagnoses and longer infectious periods among high-
er-risk groups could explain those findings. Therefore, 
robust epidemiology and outbreak detection should be 
used to customize local TB control and prevention ef-
forts focused on at-risk persons.

We found that county-based social determinants 
of health related to SES (i.e., burdened by housing 
cost and not having health insurance) were associated 
with plausible source case attribution in the GLMM 
(26). Those associations could reflect barriers to TB 
care, including lack of insurance and constrained re-
sources in settings with high housing costs (37,38). A 
study that examined data from TB cases reported to 
the California TB Registry during 2012–2016 found 
higher TB rates in the lowest SES areas, which de-
fined SES by low education, crowding, poverty, and 
the California Healthy Places Index (39). An ecologic 
analysis in another study reported that census tracts 
with lower median incomes, more racial/ethnic mi-
nority groups, and more migrants had higher pedi-
atric TB rates; however, overcrowding and unem-
ployment were not associated (40). As in those prior 
studies, our analysis suggests that area-based SES 
measures could inform TB prevention efforts.

Adaptive boosting ranked male sex and young-
er age (<65 years) as the main predictors, followed 
by race/ethnicity, clinical indicators of infectious-
ness, and birth origin (Figure 3). Ensemble methods 
outperformed regression-based approaches in this 
analysis (Appendix Table 5) and have been used 
to predict TB outcomes, including cluster growth 
and positive laboratory results (41,42). The GLMM 
supports inference through interpretable adjusted  

Figure 3. Characteristics 
from an adaptive boosting 
model of plausible source 
cases responsible for recent 
Mycobacterium tuberculosis 
transmission, United States, 
2018–2022. Horizontal bars 
show the normalized impurity-
based importance (mean 
decrease in node impurity) 
associated with each predictor; 
larger values indicate greater 
importance. NH/PI, Native 
Hawaiian/Pacific Islander; SVI, 
Social Vulnerability Index.



Plausible Source Cases for M. tuberculosis

	 Emerging Infectious Diseases • www.cdc.gov/eid • Vol. 32, No. 6, June 2026	 891

associations, and the MLM offers a complementary 
perspective focused on prediction. Despite differ-
ences in ranking, many of the same predictors were 
influential across both approaches, including mark-
ers of infectiousness, age, race/ethnicity, origin of 
birth, and several social factors. That convergence 
supports the robustness of our findings.

Strengths of our analysis included the use of 
wgSNP comparisons to refute case pairs that were 
not likely to be the result of recent transmission, as-
sessment of both patient- and community-level pre-
dictors for association with being a plausible source 
case, and analysis of plausible source cases of recent 
transmission at a national level. The first limitation of 
this analysis is that some cases could have been misat-
tributed as not sources by the algorithm because the 
source was reported after the secondary case, the 
source was outside a 10-mile radius, or the secondary 
case was not genotyped. Although ≈75% of US cas-
es are culture-confirmed (21) and >96% of those are 
genotyped, TB cases in young children, which would 
predominantly result from recent transmission, have 
substantially lower rates of culture confirmation. Fur-
thermore, because we limited running the algorithm 
to starting in 2020, some of the 2018–2019 cases could 
have been misattributed as not a source if the result-
ing secondary case was also reported in 2018–2019. 
We also might have misattributed cases as not sourc-
es if all contacts with latent TB infection underwent 
successful treatment and did not develop TB disease. 
Second, the COVID-19 pandemic occurred during the 
analysis period. The pandemic was associated with 
changes in healthcare seeking behavior that could 
have affected TB diagnoses; therefore, generalization 
of our results to other time periods should be done 
with caution.

In summary, although M. tuberculosis transmis-
sion is relatively rare in the United States, targeted 
control efforts could prevent outbreaks that over-
whelm public health programs. We identified both 
patient-level and, to a lesser extent, community-level 
characteristics as predictors of being a source of re-
cent transmission. Cases with clinical indicators of 
increased infectiousness were more likely to be trans-
mission sources, supporting current guidance to pri-
oritize those cases for contact investigation. Demo-
graphic characteristics associated with being a source 
case, such as race and origin of birth, differed from 
those of overall TB cases, highlighting the need for 
prompt TB diagnosis in US-born persons with risk 
factors, particularly homelessness and substance use, 
for preventing outbreaks. In addition, enhanced ef-
forts to promptly diagnose TB in communities with 

more uninsured residents and those with high hous-
ing costs might also reduce transmission. Findings 
from this analysis suggest that intensifying public 
health interventions on TB cases in persons with cer-
tain demographic and clinical characteristics could 
yield a greater than expected reduction in M. tubercu-
losis transmission in the United States.
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