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Abstract

The early identification of clusters of persons with tuberculosis (TB) that will grow to 

become outbreaks creates an opportunity for intervention in preventing future TB cases. We 

used surveillance data (2009–2018) from the United States, statistically derived definitions 

of unexpected growth, and machine-learning techniques to predict which clusters of genotype-

matched TB cases are most likely to continue accumulating cases above expected growth within 

a 1-year follow-up period. We developed a model to predict which clusters are likely to grow 

on a training and testing data set that was generalizable to a validation data set. Our model 

showed that characteristics of clusters were more important than the social, demographic, and 

clinical characteristics of the patients in those clusters. For instance, the time between cases before 

unexpected growth was identified as the most important of our predictors. A faster accumulation 

of cases increased the probability of excess growth being predicted during the follow-up period. 

We have demonstrated that combining the characteristics of clusters and cases with machine 

learning can add to existing tools to help prioritize which clusters may benefit most from public 

health interventions. For example, consideration of an entire cluster, not only an individual patient, 

may assist in interrupting ongoing transmission.
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An outbreak of tuberculosis (TB) can be resource-intensive and time-consuming in terms of 

public health response (1-4). Preventing an outbreak reduces morbidity and mortality and 

might be more cost-effective than controlling one, particularly with limited public health 

resources (5). Prioritizing interventions on clusters of TB cases that are most likely to 

become outbreaks will have the greatest likelihood of preventing future cases of TB. Here, 

we describe continuing efforts to detect and predict TB outbreaks from routine national TB 

surveillance data by identifying which TB clusters are most likely to accumulate additional 

cases.

The feasibility of predicting TB outbreaks arising from incident TB genotype clusters—

or clusters of TB cases where the beginning of a possible outbreak can be identified

—was previously demonstrated (6). That study used decision trees to determine which 

characteristics of the first 3 cases best predicted which incident clusters were most likely 

to become an outbreak. However, that study was limited to incident clusters. Subsequently, 

we developed a statistical method to detect outbreaks arising from prevalent TB genotype 

clusters—clusters of TB cases where the first case in the cluster cannot be determined 

because cases with that genotype have been reported in a county for at least 2 years (7). 

This method is a negative binomial hurdle (NBH) model that identifies unexpected growth, 

a statistically significant number of cases above what is expected based on the baseline rate 
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of previously reported cases. However, we did not analyze characteristics associated with 

cluster growth or apply this second algorithm to incident clusters.

This investigation combines the previous 2 methods: first, by identifying unexpected 

growth among all (incident and prevalent) clusters of genotype-matched TB cases in 

the same county, and second, by using machine-learning (ML) techniques on case and 

cluster characteristics to predict which clusters are most likely to have continued growth 

above the baseline rate (6, 7). Whereas most epidemiologic analyses focus on describing 

and understanding the relationships between exposures and outcomes, ML techniques 

are designed to look for patterns to make predictions about new data, while allowing 

interactions and nonlinear relationships (8, 9). ML prioritizes improving model performance 

above determining the relationship between outcomes and predictors (often called features 

in ML publications). ML has been used to predict health outcomes, including predicting 

filariasis from social risk factors (10), identifying type 2 diabetes from electronic health 

records (11), and detecting cardiovascular risk from routine clinical data (12). Regarding 

TB, several studies used algorithms to diagnose TB cases (13-15). Others tried to predict 

transmission among reported TB cases based on Mycobacterium tuberculosis strain typing 

(16) or among contacts of TB patients based on demographic and clinical characteristics 

(17). Others used geospatial patterns to predict future transmission (18). Another study 

predicted whether a newly diagnosed case is associated with recent transmission (19). 

However, these studies were at the patient level, predicting an individual patient’s disease 

state based on demographic, environmental, or clinical factors. To our knowledge, no other 

investigations have predicted future TB cases based on characteristics of both the TB cluster 

and the patients within that cluster.

TB surveillance in the United States captures over 200 variables for all reported US TB 

cases during the past 25 years (20). The current TB cluster detection system in the United 

States utilizes the count and geography of TB cases that have been genotyped since 2009 

(21). Genotyping data was available for nearly all culture-confirmed cases, ranging from 

87% in 2009 to 96% in 2018 (20). An alert system was developed based on a log-likelihood 

ratio derivation of expected cases in a county based on the prevalence of that M. tuberculosis 
genetic strain reported nationally (22). These alerts are reported weekly to state and local 

health departments and the Centers for Disease Control and Prevention (CDC) and are 

manually reviewed to prioritize clusters for public health action (21). However, these 

reviews are time-consuming, and the alert system has not been validated, nor does it 

consider cluster growth rate. We sought to determine whether patient surveillance data and 

cluster characteristics could be systematically used to predict additional cluster growth, thus 

prioritizing clusters that are likely to grow for public health intervention. Here we present an 

analytical framework using the combination of TB surveillance data, previously developed 

statistical methods, and ML techniques to predict which TB clusters are at risk of excess 

growth.

METHODS

Our analysis utilized the US National Tuberculosis Surveillance System (NTSS) and the 

National Tuberculosis Genotyping Service data sets, described elsewhere (20), and included 
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all genotyped culture-positive TB cases reported from the 50 states and the District 

of Columbia during 2009–2018. We defined a cluster as having ≥3 TB cases with a 

matching genotype (spoligotype and 24-locus mycobacterial interspersed repetitive unit 

variable-number tandem repeat analysis) reported in the same county or county-equivalent 

jurisdiction (7). Data management was performed in SAS, version 9.4 (SAS Institute, Inc., 

Cary, North Carolina) (23). Case counts for each cluster were aggregated by calendar-year 

quarters and exported to R (R Foundation for Statistical Computing, Vienna, Austria) (24) to 

identify unexpected growth by fitting an NBH model to each cluster. An 8-quarter baseline 

represents expected cases before the detection of unexpected growth. For each cluster, the 

NBH model sets the threshold for unexpected growth during the next quarter as the 95th 

percentile of the baseline. When the number of cases exceeds that threshold, unexpected 

growth is detected. Figure 1 shows a hypothetical example; details are described elsewhere 

(7).

Our data set included all clusters detected with unexpected growth during 2011–2017. Using 

an 8-quarter baseline and 4-quarter follow-up, this data set was based on all cases during 

2009–2018. We constructed a training and testing data set (test data set) as the cohort of 

clusters in which the first instance of unexpected growth occurred between January 2011 and 

December 2015. The validation data set was a separate cohort containing clusters in which 

the first instance of unexpected growth occurred between January 2016 and December 2017. 

Clusters in which the third case was reported by 2015 (test data set) or 2017 (validation data 

set) were included in the analytical data sets.

We defined the outcome using the accrual of excess cases within a 4-quarter follow-up 

period (Figure 1). Excess cases were defined as the number of cases above what was 

expected, which was calculated by subtracting the baseline from the number of cases in each 

quarter after the detection of unexpected growth. Each quarter’s excess cases are summed 

over the follow-up period. If the number of accumulated excess cases in the follow-up 

period exceeded zero, the result was more cases than expected. These clusters were labeled 

excess growth. If the accumulated excess cases in the follow-up period were zero or less, the 

number of cases were within the cluster’s baseline. These were labeled expected growth.

In selecting predictors, we first considered which cases in the baseline were most likely 

to contribute to the outcome. The inclusion criteria for cases in the predictors was defined 

by the time prior to unexpected growth. We tested 4 time frames: 1 quarter (the quarter of 

unexpected growth, or QUG), 2 quarters (QUG plus 1 preceding quarter), 4 quarters (QUG 

plus 3 preceding quarters), and 9 quarters (QUG plus 8 preceding quarters).

Predictors included characteristics of patients reported to NTSS (20), including social 

risk factors: homelessness, incarceration, injection drug use, non-injection drug use, 

excess alcohol use, and residence of a long-term care facility. We also included 

patient clinical factors: previous case of TB, sputum smear positivity, cavitary disease, 

human immunodeficiency virus, and multiple drug resistance. Patient demographic and 

epidemiologic characteristics were also included: born in the United States, pediatric 

case (<15 years old), found via targeted testing or contact investigation, reported an 

epidemiologic link to another case, or attributable to recent transmission (25). Finally, we 
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included cluster characteristics during the designated time frame: average number of cases 

per quarter in the baseline, number of cases in a cluster, and difference in time (months) 

between the first and last case.

We next considered how to incorporate patient characteristics as predictors for our clusters. 

We tested 4 variations on how to quantify these characteristics, referred to as quantification. 

The “any” quantification was defined as at least 1 case in the cluster with the characteristic; 

predictors were given binary values (>1 or none). The “half” quantification was defined 

when at least half of the cases had the characteristic, assigned binary values. The “percent” 

quantification defined the percentage of cases in the cluster with that characteristic; 

predictors had continuous values between 0 and 100. Finally, we included a “mix” 

quantification, defined as a combination of the above options. For each quantification and 

time frame, we removed categorical predictors that were positive in <5 clusters in the test 

data set.

We tested 3 ML methods (tree-based ensembles, support vector machine (SVM), and 

regularized regression), with a total of 9 variations, using excess growth or expected 

growth as our outcome for binary classification (Table 1). See Web Appendixes 1-4 

(available at https://doi.org/10.1093/aje/kwac117) for details on the ML methods, including 

hyperparameters used. By varying the options of the algorithm on the time frame of the 

predictors 4 ways (i.e., 1 quarter, 2 quarters, 4 quarters, 9 quarters), the quantification 4 ways 

(i.e., any, half, percent, mix), and 9 different ML variations, we compared the prediction 

results of 144 different models.

To assess the generalizability of each prediction algorithm, we trained the models on the 

test data set using 5-fold cross-validation, and averaged results over the 5 analytical runs. 

We limited results to those with a mean sensitivity >0.25 and then selected the model with 

the highest Youden index, defined as true positive fraction minus false positive fraction. 

A final model was built using the full test data set, using the parameters identified in 

the top model. We validated this final model by generating predictions on our validation 

data set, which was used to confirm that the model was not overfitted (i.e., whether the 

test data set and validation data set have similar performance metrics) and thus would 

perform similarly when used on future data. All ML analyses were performed using R (R 

Foundation for Statistical Computing), version 4.0.2 (24), and details about the code are 

in the data availability statement in the Acknowledgments. Further details can be found in 

Web Appendixes 3 and 4. CDC determined this activity to be research that does not involve 

identifiable human subjects, and institutional review board approval was not required.

RESULTS

During 2009–2017, 64,942 cases were reported to NTSS from the 50 states or District 

of Columbia that were culture positive for M. tuberculosis and had a genotype result, of 

which 46,624 were unique within the county, meaning they did not have another case with 

a matching genotype in the same county during the time period. The remaining 18,318 

cases comprised 5,220 county-level clusters in total. By 2015, 332 clusters were flagged 

with unexpected growth by the NBH model (Figure 2). Of the 332 clusters used as the test 
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data set, 192 (58%) had expected growth and the remaining 140 (42%) had excess growth. 

During 2016–2017, 13,903 cases were reported to NTSS, and 45 clusters were flagged with 

unexpected growth. These clusters were used as our validation data set and had similar 

proportion of clusters (44%) with excess growth (Table 2).

Among the 144 ML models trained on the test data set, 62 had a sensitivity (i.e., recall) 

greater than 0.25. The 5 ML models with the highest Youden index are listed in Table 3 (all 

62 are in Web Table 1). The prediction model with the highest Youden Index (0.165) also 

had the highest accuracy value (0.608). Since the mean sensitivity was 0.398, many clusters 

with excess growth were misclassified. This model used the 2-quarters time frame and the 

“half” quantification as the predictors for a random forest ML model. A summary of the 

predictors used in the final model can be found in Web Table 1. The final model performed 

similarly on the validation data set (Table 3), demonstrating the generalizability of the 

algorithm, suggesting that the model was not overfitted and would have similar performance 

metrics when applied to future data.

Figure 3 shows the importance of each predictor in our best model. At the top of the figure, 

the cluster characteristic predictors rank highest, with time between the first and last cases in 

the cluster prior to unexpected growth the most important predictor, as measured by the Gini 

index (see detailed description in Web Appendix 4). The patient characteristic predictors 

had much smaller importance when compared with cluster characteristic predictors. The 

most important of the patient characteristic predictors were the predictors indicating that at 

least half of the cases were US-born, were attributable to recent transmission, and reported 

positive sputum smear results.

We then used accumulated local-effects plots to further explore how each predictor 

contributes to the prediction (Web Figure 1) (26). For example, as the time between 

unexpected growth cases increases, the accumulated average probability that excess growth 

will be predicted decreases. The inverse is true for the next 3 most important predictors: 

baseline value, cases before baseline among prevalent clusters, and cases in quarter of 

unexpected growth, all of which are cluster characteristics. (Predictors are described in detail 

within Web Table 1.) For these predictors, the probability of predicting excess growth tends 

to increase as the value of these predictors increase, except for local minima or maxima. 

However, the data are concentrated at the lower values for these variables, so trends for 

higher values should be interpreted with caution. These results demonstrate that utilization 

of all data available incorporated into an algorithm can predict which clusters are likely to 

report excess growth.

DISCUSSION

Our algorithm is designed to predict which clusters will have excess growth within a 

4-quarter follow-up period after unexpected growth is identified. We combined detection 

of unexpected growth from an NBH model, ML classification models, and surveillance 

data to predict likely TB cluster growth. The more important predictors in our model 

were cluster, not patient, characteristics. For example, as time decreased between cases 

within the baseline, excess growth was more likely to be predicted, suggesting that an 
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early accumulation of cases is predictive of excess growth. This finding is in line with 

epidemiologic experience suggesting that extensive transmission of TB leads to many cases 

occurring in a short period of time and can be indicative of an outbreak (6, 27). Our 

algorithm is modifiable and provides a systematic prioritization of clusters of concern.

TB cases are rare events in the United States. Although TB outbreaks are even more rare, 

when they do happen, they are resource-intensive and can challenge already resource-limited 

public health systems. If not brought under control, some outbreaks can last years, with 

subsequent cases presenting long after transmission occurred and with the possibility of 

instigating another outbreak. Preventing an outbreak can therefore reduce continued spread 

of strains that may otherwise become endemic within vulnerable populations. Predicting 

which clusters are most likely to grow will enable more targeted interventions to interrupt 

transmission. Still, even our best models make classification errors, meaning we can expect 

inaccurate predictions and suggesting that cluster growth may only be partially predictable 

using only patient- and cluster-level data.

Our methods have several limitations. Clusters were defined by geopolitical boundaries 

of a county (or equivalent), so predictions of future TB cases are also limited to this 

definition, even though transmission is not limited to borders. Furthermore, we excluded 

cases that were not culture-confirmed, which often included TB in children; pediatric TB is 

a known sentinel event for recent transmission. However, without genotype data, it can be 

unclear to which transmission chain a pediatric case belongs. Additionally, our results do not 

include whole-genome sequencing, which we expect to lead to overall smaller, more specific 

clusters. We propose applying these methods to update the prediction algorithm based on 

clusters defined using whole-genome sequencing data when they become available.

TB control is based on finding and treating cases of TB disease as well as finding and 

treating latent TB infection. Surveillance data only capture TB disease cases, are limited to 

patient- and cluster-level information, and do not include efforts to treat latent TB infection. 

For example, our results do not include a measure of contact investigations conducted 

around clusters of TB cases. CDC guidelines state that any patient with infectious TB should 

be interviewed to identify contacts who may have been exposed, that those contacts should 

be tested for TB infection, and that prophylactic treatment should be offered to those testing 

positive to prevent development into a TB disease case (1). Often, astute public health 

officials who convene extensive contact investigations find contacts to cases who have TB 

disease (and therefore start them on treatment to prevent further transmission) or latent TB 

infection (and therefore start them on treatment to prevent disease). The strength of contact 

investigations to stop transmission may play a greater role than individual patient or cluster 

characteristics to predict excess growth. Often the ability to stop transmission relies on the 

identification of these contacts, but the work done at the state and local level to prevent 

transmission is not captured by our models. The results presented here could be improved as 

additional data are incorporated.

Finally, the delayed diagnosis of a patient with infectious TB can result in extensive 

transmission. Outbreaks often occur because infectious individuals are in congregate 

settings, exposing many people in a short period of time, or because an infectious individual 

Althomsons et al. Page 7

Am J Epidemiol. Author manuscript; available in PMC 2024 January 16.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



with a large social network transmits to many individuals. If infectious individuals do not 

present to health-care providers early in their disease, they are unlikely to be the first cases 

documented in an outbreak, and therefore would not be included among predictor cases 

during unexpected growth. By the very nature of late identification, our methods would 

not facilitate preventing transmission by infectious individuals with delayed diagnoses. This 

may explain why cluster characteristics were more important than patient characteristics 

in our model. By considering an entire cluster, not only an individual patient, efforts to 

interrupt transmission may be more effective.

While it may be difficult to predict outbreaks based on characteristics of cases from 

surveillance data, an early response to unexpected growth of clusters can prevent the 

continuing transmission of TB. Data systems can aid in prioritizing clusters, but there is 

no substitute for on-the-ground responses to identify TB cases and contacts of cases to 

prevent further transmission. We have shown how ML with an extensive surveillance system 

can be used to predict ongoing transmission and expand our understanding of how clusters 

grow.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Hypothetical epidemiologic curve of a cluster. Bars indicate the number of cases counted 

during the indicated quarter. Also indicated are an unexpected growth flag as an arrow, 

the corresponding baseline as a dashed line, follow-up period within a bracket, and 

accumulation of excess cases as a dotted line.
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Figure 2. 
Data set cohorts and tuberculosis surveillance data used to predict unexpected growth in 

cases, United States, 2011–2017.

Althomsons et al. Page 12

Am J Epidemiol. Author manuscript; available in PMC 2024 January 16.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 3. 
Importance plot for all predictors in final model for predicting unexpected growth in 

tuberculosis cases, United States, 2011–2016. A final model was built using random forest 

on the 2-quarters time frame (the flagged unexpected growth quarter and 1 preceding 

quarter) with the “half” quantification (at least half the cases in the cluster were positive for 

the characteristic). We then calculated the variable importance for each of the predictors in 

this model. More details can be found in the Web Appendixes 3 and 4. Predictors are shown 

from high to low importance, where higher importance means that the predictor affects the 

model more. Filled points indicate predictors based on cluster characteristics, while outlined 

points indicate predictors based on patient characteristics. A description of each predictor 

can be found in Web Table 2. HIV, human immunodeficiency virus.
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