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Abstract. No accurate and rapid diagnostic test exists for tuberculous meningitis (TBM), leading to delayed diagno-
sis. We leveraged data from multiple studies to improve the predictive performance of diagnostic models across different
populations, settings, and subgroups to develop a new predictive tool for TBM diagnosis. We conducted a systematic
review to analyze eligible datasets with individual-level participant data (IPD). We imputed missing data and explored
three approaches: stepwise logistic regression, classification and regression tree (CART), and random forest regression.
We evaluated performance using calibration plots and C-statistics via internal–external cross-validation. We included
3,761 individual participants from 14 studies and nine countries. A total of 1,240 (33%) participants had “definite” (30%)
or “probable” (3%) TBM by case definition. Important predictive variables included cerebrospinal fluid (CSF) glucose,
blood glucose, CSF white cell count, CSF differential, cryptococcal antigen, HIV status, and fever presence. Internal vali-
dation showed that performance varied considerably between IPD datasets with C-statistic values between 0.60 and
0.89. In external validation, CART performed the worst (C 5 0.82), and logistic regression and random forest had the
same accuracy (C5 0.91). We developed a mobile app for TBM clinical prediction that accounted for heterogeneity and
improved diagnostic performance (https://tbmcalc.github.io/tbmcalc). Further external validation is needed.

INTRODUCTION

The most lethal and disabling form of tuberculosis (TB)
is tuberculous meningitis (TBM), of which an estimated
164,000 TBM cases occur annually.1 Tuberculous meningitis
diagnostics are inadequate due to combinations of poor
accuracy, high cost, and lengthy turnaround times, leading
to delayed diagnosis and poor outcomes.2 Ziehl–Neelsen
acid-fast bacilli (AFB) staining of CSF has low sensitivity, and
mycobacterial culture is too slow to inform treatment

decisions.3 Although recently introduced nucleic acid ampli-
fication tests (NAATs), including the Xpert MTB/Rif Ultra
assay (Cepheid, Sunnyvale, CA),4,5 can speed up diagnosis,
imperfect sensitivity means that negative results cannot fully
exclude TBM.6

One approach to improving TBM diagnosis is combining
all available information in a multivariable diagnostic predic-
tion model. At least 10 prediction models have been devel-
oped that perform well in internal validation with diagnostic
sensitivity ranging from 70% to 95% but poorly in external
validation.2 The primary reason for heterogeneous model
performance across different settings and populations is case
mix variation, which refers to the distribution of important pre-
dictor variables such as HIV-status and TB prevalence. Case
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mix variation across different populations can lead to differ-
ences in the prediction models performance, even when true
predictor effects are consistent.7,8 Prior TBM diagnostic pre-
diction models were all developed from a single population
and are typically based on comparisons to one other meningi-
tis etiology, compromising external validity and clinical utility.
Individual participant data (IPD) from multiple studies pro-

vides an opportunity for external validation of any new model.
Large datasets can examine heterogeneity and improve the
predictive model performance across different populations,
settings, and subgroups.9–11 Participant-level data are pre-
ferred to meta-analysis of aggregated data because multiple
individual-level factors can be jointly examined and interac-
tion terms between variables can be considered.12

Therefore, we performed a systematic review and used
IPD from multiple studies across multiple geographical loca-
tions to develop a composite TBM diagnostic prediction
model. We used logistic regression as well as machine learn-
ing techniques, classification and regression tree (CART),
and random forest models.

MATERIALS AND METHODS

Systematic literature search strategy.
We undertook systematic literature review per Preferred

Reporting Items for Systematic Review and Meta-Analysis of
IPD (PRISMA) guidelines, as per our published protocol.13,14

We searched using MEDLINE and EMBASE to identify all
studies reporting adult TBM diagnosis.15 Controlled and natu-
ral language terms identified key search concepts such as:
“tuberculosis,” “meningitis,” “diagnosis,” “clinical feature,”
and “predictor.” Supplemental Appendix A presents full
search strategies, conducted on September 26, 2018.
Data acquisition and synthesis.
We requested anonymized IPD from corresponding

authors of eligible studies. Specific demographic and clinical
variables requested are listed in Supplemental Appendix B.
We selected 13 target diagnostic predictors: symptom dura-
tion, cerebrospinal fluid (CSF) white cell count, CSF white
cell differential, CSF glucose, CSF protein, CSF cryptococ-
cal antigen (CrAg), blood glucose, blood white blood cell
(WBC) count, HIV status, fever, TB incidence, age, and bio-
logical sex. We excluded subjects missing .50% of target
predictors. We excluded datasets with clear pattern of miss-
ingness among target predictors based on diagnosis, age,
sex, or some other participant characteristic. We analyzed
datasets provided by the same research group as a single
dataset.
Missing data.
Blood glucose was the variable with the most missingness

in every dataset, and we performed single imputation of
median glucose value in each dataset. For other missing target
predictors, multiple imputation by chained equations was per-
formed. Missing data within datasets were assumed missing
at random. A total of 50 imputations were used per missing
variable.

STATISTICAL ANALYSES

We defined “definite” TBM as any positive CSF test of
MTB/RIF, Xpert MTB/RIF Ultra, other NAAT, culture, AFB, or
“definite” TBM classification per the Uniform TBM case

definition.16 We defined “probable” TBM as having no alter-
nate diagnoses and any computed tomography scan, mag-
netic resonance imaging scan, or X-ray suggestive of TBM
or a “probable” TBM case classification per the uniform
TBM case definition.16 Definite or probable TBM were con-
sidered a TBM case.
We used three algorithm development strategies to pre-

dict TBM cases versus non-TBM cases. First, an IPD meta-
analysis using a logistic regression model with an average
intercept was fitted with the target predictors.10 We used the
backward stepwise method for predictor selection using a
P-value threshold of 0.1. We also fitted a logistic regression
model with stratified intercepts for each country. Next, we
developed CART and random forest models with machine
learning methods with the same target predictors as well as
an indicator variable for country. We internally validated
models using k-fold internal-external cross-validation.10

We externally validated models with data from a multisite,
observational cohort based in Uganda that was not used to
train the models. Multiple imputation for missing data was
not performed, other than for blood glucose, so participants
were included if they had complete data for the predictors
included in the model.
We measured performance using the calibration ratio

of predicted (expected) to observed outcomes, calibration
plots (slope), and C-statistic.10,17 We summarized overall
prediction model internal validity by averaging the C-statistic
values and amalgamating calibration across datasets. We
summarized model external validity using Brier Score, a
measure of probabilistic predictions accuracy where values
close to 0 indicate perfect accuracy.18 We also calculated
diagnostic accuracy for all prediction probability thresholds.
All analyses were conducted using R studio version 1.3.1093.
Our findings are reported in accordance with the transparent
reporting of a multivariable prediction model for individual
prognosis or diagnosis statement.19

The University of Minnesota and Makerere University’s
Institutional Review Boards approved this study.

RESULTS

Search results, studies, and participants included.
After deduplication, our searches yielded 2,179 reports

that underwent title and abstract screening, and 121 full
texts were reviewed (Figure 1). Thirty-four studies met our eli-
gibility criteria, and we acquired IPD from 19 studies (18 data-
sets) totaling 6,147 individuals. Four datasets (N5 796 partici-
pants) were excluded because of either clear patterns of
missingness for diagnosis or target predictors were missing in
.50% of their data. An additional 82 participants ,5years old
and 1,589 participants missing .50% of key predictors were
excluded.
The final analysis dataset included 3,671 individuals from

15 studies (Table 1).3,20–31 Most were cohort studies (N 5 9)
or cross-sectional studies (N 5 4), and two were screening
cohort data from randomized controlled trials. No study
showed high risk of bias (Supplemental Appendix C).
In total, 1,148 (31%) participants met the case definition

for definite TBM and 104 (3%) for probable TBM. Of non-
TBM cases, 13% had cryptococcal, 6% bacterial, and 3%
viral meningitis; the remainder had no confirmed diagnosis
(Supplemental Appendix D). Participant demographics are
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presented in Table 2. The final analysis dataset included
1,644 (45%) individuals who were HIV positive.
Multivariable prediction models.
The logistic regression model revealed CSF white cell

count, CSF white cell differential (white cells below the
detectable threshold, neutrophil predominance, or lympho-
cytic predominance), CSF glucose, blood glucose, CSF
CrAg, and fever as significant predictors of TBM
(Supplemental Appendix E). Symptom duration, blood WBC
count, age, and biological sex were excluded due to com-
plete missingness within some datasets, which could not be
imputed. In a sensitivity analysis, we did not find these vari-
ables to be significantly predictive of TBM. Although not sta-
tistically significant, we retained HIV status in the model
based on a 10% change in predictor values when excluded
from the model as well as to account for case-mix variation.
The logistic regression model with stratified intercepts for
each country (with Brazil as the reference group due to

largest sample size) is presented in Supplemental Appendix F.
All the included target predictors were used in the development
of both CART and random forest models. The resulting CART
decision tree is shown in Supplemental Appendix G.
Internal–external cross-validation. Average C-statistic

across datasets was 0.79 (95% CI: 0.75–0.83) for logistic
regression, 0.76 (95% CI: 0.71–0.80) for CART, and 0.80
(95% CI: 0.76–0.84) for random forest (Supplemental
Appendix H). The most heterogeneity in accuracy, indicated
by the C-statistic, between datasets was observed with
logistic regression (Supplemental Appendix I). Calibration
ratio was most heterogenous in the CART model, and cali-
bration slope was most varied in the random forest model,
suggesting that the prediction diagnosis does not corre-
spond with the observed diagnosis in both the CART and
random forest models (Supplemental Appendix I). Visual
inspection of the calibration plots for all three models indi-
cates that CART is the most poorly calibrated model, with

FIGURE 1. Preferred Reporting Items for Systematic Review and Meta-Analysis individual-level participant data (IPD) flow diagram of study
selection process. TBM5 tuberculous meningitis.
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logistic and random forest showing better (similar) calibration
performance (Supplemental Appendix J). Sensitivity and
specificity values at different prediction probability thresh-
olds are displayed in Supplemental Appendices K–M. At
the 0.1 prediction probability threshold for a positive test,
sensitivity was higher in the CART (specificity 5 0.55) and
random forest (specificity5 0.32) models.
External validation.
A total of 404 participants were included in the external

validation dataset (Supplemental Appendix N). Age ranged
from 18 to 80 and differed with statistical significance differ-
ent between TBM and non-TBM groups (Supplemental
Appendix N). Most participants were HIV positive (N 5 386,
96%). Thirty-two (8%) had definite TBM and 28 (7%) proba-
ble TBM (Supplemental Appendix O). The dominant meningitis
etiology was cryptococcal meningitis (58%).
The mean C-statistic was the same for logistic regression

and random forest (0.91) followed by CART (0.85) (Figure 2).
The CART model had the calibration ratio closest to one, but
the worst calibration slope value (–0.02) of the three models.
Of the three models, calibration slope was closest to one for

the random forest model (1.11) (Table 3). Visual inspection of
the calibration plots for all three models shows that random
forest is the best calibrated with the most bin midpoints fall-
ing along a 45-degree line (gray dotted line in Figure 3) of
observed event percentage. The Brier scores were similar
across the three models (Table 3).
At the predetermined prediction probability cutoff of 0.1,

sensitivity and specificity were 0.77 and 0.89 for logistic
regression, 0.70 and 0.81 for CART, and 0.87 and 0.73 for
random forest (Supplemental Appendix P–R). The random
forest model missed the fewest number of TBM cases with a
false-negative rate (FNR) of 0.13 compared with the logistic
(FNR 5 0.23) and CART (FNR 5 0.30) models. The logistic
model had the highest proportion correctly classified with
87% of predictions correctly classifying individual partici-
pants as either TBM or non-TBM followed by CART, 79%,
and random forest, 75%. Diagnostic performance of each
model is summarized in Supplemental Appendices P–R.
An online/mobile application of our logistic regression model

is available at https://tbmcalc.github.io/tbmcalc. Supplemental
Appendix S displays logistic regression coefficients in

TABLE 1
Characteristics of studies included in analysis dataset

Author/Owner Year Country TB Burden Study Design N* Age (range) Men (%) HIV (%) Probable Cases (%) Definite Cases (%)

Anselmo20 2017 Brazil High Cross-sectional 289 43 (6–84) 163 (56) 142 (49) 10 (3.5) 39 (13)
Gualberto21 2017 Brazil High Cohort 92 37 (8–64) 65 (71) 92 (100) 6 (6.5) 8 (8.7)
Azevedo22 2018 Brazil High Cohort 101 40 (17–73) 62 (61) 101 (100) 0 (0) 12 (12)
de Almeida23 2019 Brazil High Cross-sectional 321 40 (5–86) 188 (59) 177 (55) 13 (4.0) 13 (4.0)
Nhu24 2014 Vietnam High Cross-sectional 160 NA NA 64 (40) 24 (15) 132 (83)
Heemskerk3 2018 Vietnam High Cohort 303 NA NA 38 (13) 0 (0) 70 (23)
Donovan25 2020 Vietnam High Cohort 204 NA NA 43 (21) 0 (0) 113 (55)
Jarvis27 2019 Botswana Low Cross-sectional 138 38 (5–90) 80 (58) 97 (70) 3 (2.2) 7 (5.1)
van Laarhoven

and Dian28
2017 Indonesia High Cohort 761 30 (14–78) 460 (60) 146 (19) 0 (0) 339 (45)

Dendane29 2013 Morocco Low Cohort 414 32 (14–84) 221 (53) 1 (0.2) 0 (0) 246 (60)
Metcalf30 2018 Peru Low Cohort 37 40 (19–77) 27 (73) 23 (62) 11 (30) 8 (22)
Jipa31 2017 Romania Low Cohort 111 34 (18–75) 57 (51) 32 (29) 0 (0) 20 (18)
Bateman26 2012 South Africa High Cohort 93 32 (15–71) 43 (46) 49 (53) 9 (9.7) 30 (32)
Boulware40 2014 South Africa,

Uganda
High,
Low

RCT Screening 61 35 (19–75) 37 (61) 58 (95) 4 (7) 31 (51)

Rhein41 2019 Uganda Low RCT Screening 586 34 (14–75) 343 (59) 581 (99) 24 (4) 98 (17)
Total – – – – 3,671 35 (5–90) 1,746 (58) 1,644 (45) 104 (2.8) 1,148 (31)
NA5 not available; RCT5 randomized controlled trial; TB5 tuberculosis.
* Sample size reflects the number that are included in this analysis and not the sample size from the article of origin. No study showed high risk of bias (Supplemental Appendix C).

TABLE 2
Univariate analysis of clinical, hematological, and CSF data of individual participants with and without TBM

Variable Non-TBM (N 5 2,419) TBM (N 5 1,252) P-Value

Age, years 35 (27–46) 32 (25–43) ,0.001
Men 1,229 (59) 517 (57) 0.260
Symptom Duration, days 7 (4–21) 11 (6–20) ,0.001
Fever 1,298 (54) 871 (70) ,0.001
HIV Positive 1,225 (51) 419 (34) ,0.001
Blood Glucose, mg/dL 103 (94–113) 104 (84–120) 0.477
CSF White Cell Count, cells/mm3 8 (2.5–139) 140 (40–319) ,0.001
WBC Differential
WBC ,5 cells/mm3 1,105 (46) 125 (10) ,0.001
Neutrophilic Dominance 373 (15) 332 (27)
Lymphocytic Dominance 941 (39) 795 (64)

CSF Protein, mg/dL 60 (31–134) 154 (86–267) ,0.001
CSF Glucose, mg/dL 53 (37–68) 23 (5.5–41) ,0.001
CSF CrAg Positive 455 (19) 13 (1.0%) ,0.001
CSF5 cerebrospinal fluid; CrAg5 CSF cryptococcal antigen; TBM5 tuberculous meningitis; WBC5 white blood cell.
Values are median (interquartile range) orN (%). P-value based on x2 or Kruskal–Wallis rank sum test.
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each IPD dataset, the final model, and external validation
dataset.

DISCUSSION

This is the first study to develop broadly generalizable
clinical multivariable prediction models for diagnosing TBM
using a meta-analysis approach to synthesize data from
diverse settings. The models were externally validated and
showed excellent discrimination (C-statistic 0.82–0.91) and
calibration (plots). Models derived using logistic regression
showed similar performance to those using machine learning
techniques (CART and random forest). Our models are pri-
marily targeted to clinicians in low-resource settings with
limited access to microbiologic testing and can be imple-
mented using a smartphone application.
Previously published diagnostic models from single sites

have reported higher C-statistic values than our study on
internal validation but have largely shown disappointing
results with external validation. One of the best known is
Thwaites rule, with C-statistic of 0.99 for differentiating TBM
from bacterial meningitis in Vietnam. External validation stud-
ies in Turkey,32 India,33 China,34 and Colombia35 showed
good performance, but the model performed poorly in Malawi
with high HIV prevalence.36 Poor performance is largely

attributed to the lack of representation of HIV-coinfected per-
sons in the model’s development dataset. HIV is a known con-
tributor to case-mix variation thus influences a predictive mod-
el’s generalizability.2

Our data clearly demonstrate that heterogeneity in clinical
TBM case presentation affects performance of TBM diagnos-
tic prediction models. Although we accounted for heterogene-
ity in every step of model development, internal validation
revealed that performance of the three model types varied
considerably in different populations and settings.
Overall, our findings indicate logistic regression performed

better than machine learning approaches. This is consistent
with a systematic review indicating, on average, no differ-
ence in the performance between logistic regression and
machine learning approaches.37

In the context of suspected TBM, we suggest that the
validated multivariable prediction models (based on readily
attainable clinical data) should be used in conjunction with
the experience of the treating clinician to guide immediate
decisions about empiric TB treatment and the need for fur-
ther or repeat testing. If the pretest probability is sufficiently
low, it may be reasonable to exclude TBM without further
testing.38 If pretest probability is sufficiently high, empiric
treatment of TBM may be initiated immediately. Using an
overall TBM prevalence of 34%, our logistic regression
model was able to decrease TBM probability to ,5% in 694
(29%) participants without TBM and increase the probability
to.40% in 969 (77%) participants with TBM by reclassifica-
tion. Overall, our model can rapidly and accurately triage
45% of patients (1,663/3,671) to either no treatment of TBM
(19%) and a search for alternative causes of meningitis or
immediate treatment of TBM (26%) in the current study. The
remaining 55% of patients would need NAAT diagnostics or
findings from additional clinical investigation.
Our analysis demonstrates the significant contribution HIV

infection makes to case-mix variation. The prevalence of HIV
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TABLE 3
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algorithms

Model

Overall Calibration

Brier Score C-StatisticRatio (E/O) Intercept Slope

Logistic Regression 0.57 26.8 0.49 0.07 0.91
CART 0.93 21.8 20.02 0.09 0.82
Random Forest 0.70 22.66 1.11 0.06 0.91
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has been identified as a significant contributor to heteroge-
nous outcomes in TBM and modulates TBM pathogenesis.39

All three models developed in this study performed most
consistently in studies where all subjects were either all HIV
positive21,22,40,41 or all HIV negative.29 Conversely, the mod-
els were most inconsistent in datasets with HIV prevalence
ranging from 13% to 53%. Although HIV status was included
in the prediction models as an independent TBM predictor,
significant heterogeneity remained in performance in IPD
datasets with a mix of individuals who were HIV positive and
HIV negative.
A strength of this analysis is the large sample size taken

from nine countries that improves generalizability in multiple
settings. Our models showed good performance using labo-
ratory and clinical evaluations that are readily available in
resource-limited settings, where the burden of TBM is great-
est. According to the WHO, blood glucose, HIV testing, and
CrAg screenings are all considered essential diagnostics
and are typically supplied in most hospitals and clinics.
Our study has several limitations. The lack of a perfect ref-

erence standard is common to all TBM diagnostic studies.
We standardized our TBM case definitions across the stud-
ies including definite/probable TBM cases.16 Our definitions
are likely highly specific but may classify an unknown
number of participants with TBM as non-TBM, biasing our
findings toward the null. Cerebrospinal fluid volume and con-
centration techniques affect the sensitivity of reference stan-
dard tests.42,43 Data on CSF volume was not available for
our analysis, which may contribute to TBM cases being mis-
classified as non-TBM. Another limitation is missing predic-
tor data across studies. Symptom duration, age, biological
sex, and blood WBCs all predict TBM but could not be
imputed due to patterns of missingness. The a priori predic-
tion probability threshold of 0.1 is based on clinical expertise
but needs further substantiating evidence. The final thresh-
old(s) will depend on the benefit–harm balance of treating
true-positive and false-negative patients, and the cost-
effectiveness threshold (“willingness-to-pay”) in the specific
setting.44 Finally, external validation in this analysis was lim-
ited to a population with a high prevalence of HIV and cryp-
tococcal meningitis.
Further work should include externally validating the mod-

els using diverse cohorts with the possibility of updating
them based on variables that have been significantly associ-
ated with TBM in previous studies. As previously proposed,
harmonizing a minimum, essential dataset for TBM diagnos-
tic studies would be helpful to coordinate for the future.45

Finally, the current model should be tested in a clinical vali-
dation study coupled with further decision-analytic model-
ing to determine the impact on patient-relevant outcomes
and cost.
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