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Background. Based on a hollow-fiber system model of tuberculosis, we hypothesize that microbiologic failure
and acquired drug resistance are primarily driven by low drug concentrations that result from pharmacokinetic vari-
ability.

Methods. Clinical and pharmacokinetic data were prospectively collected from 142 tuberculosis patients in
Western Cape, South Africa. Compartmental pharmacokinetic parameters of isoniazid, rifampin, and pyrazinamide
were identified for each patient. Patients were then followed for up to 2 years. Classification and regression tree anal-
ysis was used to identify and rank clinical predictors of poor long-term outcome such as microbiologic failure or
death, or relapse.

Results. Drug concentrations and pharmacokinetics varied widely between patients. Poor long-term outcomes
were encountered in 35 (25%) patients. The 3 top predictors of poor long-term outcome, by rank of importance,
were a pyrazinamide 24-hour area under the concentration–time curve (AUC)≤ 363 mg·h/L, rifampin AUC≤ 13
mg·h/L, and isoniazid AUC≤ 52 mg·h/L. Poor outcomes were encountered in 32/78 patients with the AUC of at
least 1 drug below the identified threshold vs 3/64 without (odds ratio = 14.14; 95% confidence interval, 4.08–
49.08). Low rifampin and isoniazid peak and AUC concentrations preceded all cases of acquired drug resistance.

Conclusions. Low drug AUCs are predictive of clinical outcomes in tuberculosis patients.

Keywords. tuberculosis; nonlinear systems; classification and regression tree analysis; pharmacokinetic variabil-
ity; drug concentrations; hollow-fiber system; outcomes.

In African countries with a high tuberculosis burden,
the 2-month sputum culture conversion rate is only
50%–70%, and acquired drug resistance (ADR) contin-
ues to be a major problem [1–4]. In the laboratory, the
hollow-fiber model of tuberculosis has demonstrated
that the microbial kill and ADR prevention of first-line
anti-tuberculosis agents are driven by such drug con-
centration measures as the 0–24 hour area under

the concentration–time curve (AUC) to minimum
inhibitory concentration (MIC) ratio and the peak con-
centration to MIC ratio [5–7]. These data have been
used in computer-aided clinical trial simulations in
the face of 100% adherence, which led us to hypothe-
size that between-patient pharmacokinetic variability
could explain a large proportion of therapy failure
and that adherence plays a relatively minor role [8, 9].
Here, we investigated whether such pharmacokinetic
variability would indeed lead to a large proportion of
patients failing to attain adequate concentrations and
then failing therapy. We also sought to identify the
drug concentrations that are predictive of clinical
outcome.

Several attempts to relate drug concentrations to tu-
berculosis outcomes have been made with conflicting
results [10–16]. The reasons are unclear but could
be one of several. First, in some studies, a single
measure such as the 2-hour drug concentration (peak)
was used to dichotomize patients into those with
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poor vs good outcomes. However, since drug AUCs are
strongly associated with efficacy of first-line anti-tuberculosis
agents in preclinical models [5–7, 17], a more intensive multi-
sample schedule that allows AUC identification may be more
informative.

Second, several studies utilized predetermined peak concen-
tration drug cutoff values to classify patients as having either
low or high drug concentrations. These are peak concentrations
of 3–5 mg/L for isoniazid, 8–24 mg/L for rifampin, and 20–50
mg/L for pyrazinamide [18]. These concentrations need further
validation with regard to clinical outcomes.

Third, noncompartmental pharmacokinetic analysis was
utilized in some studies; however, pharmacokinetics of some
anti-tuberculosis drugs may be best described using multiple
compartments. A fourth possible reason may be the type of
statistical analysis used. Biological systems such as anti-
tuberculosis drug pharmacokinetics and the tuberculosis
disease are best analyzed using nonlinear statistical approaches
since they and most natural phenomena are nonlinear systems
[19–23]. In linear analysis, complex problems are broken into
smaller components that are then solved, after which the solu-
tions are put together (superimposed) and added up to a solu-
tion of the whole problem. Nonlinear systems are characterized
by discontinuities and relationships of higher-order complexity
between components; the total function of the whole system is
often more than the linear sum of its components. Therefore,
components need to be analyzed in the context of all parame-
ters interacting within the whole system. Here, we utilized clas-
sification and regression tree analysis (CART) to examine the
role of several clinical factors, including drug concentrations, in
toto, as predictors of clinical outcome in our cohort [24–29].
CART uses nonparametric techniques that examine both linear
and nonlinear interactions simultaneously in the whole dataset
and creates a hierarchy of predictors, starting with the most
predictive to the least predictive.

METHODS

Clinical Study
The study protocol was approved by the University of Cape
Town Research Ethics Committee and regional health authori-
ties. Study goals were to identify the pharmacokinetic parame-
ters of first-line anti-tuberculosis drugs and to identify
outcomes in patients. All patients who participated gave in-
formed written consent. Patients who were admitted to Brew-
elskloof Hospital, Western Cape Province, South Africa,
between August 1999 and February 2002, were enrolled. Pa-
tients were admitted to the hospital for poor socioeconomic
circumstances, severe disease, suspicions of poor adherence,
and poor response to treatment. Inclusion criteria were positive
sputum microscopy or culture, aged ≥16 years, and no evidence

of drug resistance based on direct sensitivity testing using
BACTEC.

All patients were hospitalized for 2 months and received
daily therapy as inpatients under supervision. During the first 2
months, patients received the following daily doses: 300 mg of
isoniazid, 20–35 mg/kg pyrazinamide, 15 mg/kg ethambutol,
and 600 mg of rifampicin if they weighed >50 kg or 450 mg if
they weighed less. Retreatment patients received 1 g intramus-
cular streptomycin if they weighed >55 kg, 0.75 g if weight was
38–54 kg, and 0.5 g if ≤37 kg. After 2 months of treatment,
sputum was sent for microscopy and liquid culture using the
BACTEC 460 instrument, and blood was drawn immediately
before and 0.5, 1, 1.5, 2, 2.5, 3, 4, 6, and 8 hours after a dose of
drugs was given under fasting conditions. After 2 months,
sputum-negative patients were treated with rifampin and isoni-
azid (plus ethambutol in retreatment patients) daily for 5 days
each week for 4 more months. Patients were followed up for 2
years after hospital discharge. On completion of treatment at
the clinics, the outcome category was recorded in the tubercu-
losis registers and categorized according to World Health Orga-
nization definitions [29]. Patients were asked to return to the
clinic where they received their ambulatory treatment at 6, 9,
12, 18, and 24 months after admission. This was done so that a
sputum sample could be sent for microscopy and culture.
Sputum was collected for microscopy and culture if patients
had continuing tuberculosis symptoms or had not been cured
and could still provide sputum. In addition, the clinics were
visited by the investigator (H. M.) or a designated assistant or
they were contacted by telephone to ascertain the fate of study
patients.

Pharmacokinetic Analysis
The blood samples were processed and drug assays performed
as described previously [30, 31]. Noncompartmental pharma-
cokinetic analyses for the drugs have been published elsewhere
[30, 31]. We characterized the compartmental pharmaco-
kinetics of rifampin, isoniazid, and pyrazinamide using the
concentration–time data in multicompartmental analyses using
ADAPT 5 software [32]. First, we determined if the pharmaco-
kinetic sampling schedule had been robust enough for parame-
ter estimation without bias by applying optimal sampling
theory utilizing parameters from prior pharmacokinetic
studies, using D-optimality design [33–36]. We found that the
sampling times that had been used adequately minimized bias
(ie, maximized differential Shannon information) in estimation
of pharmacokinetic parameter estimates of rifampin, isoniazid,
and pyrazinamide, but not ethambutol. Thus, ethambutol con-
centrations were not further analyzed. Next, an initial estimate
of the pharmacokinetic parameters was made using the stan-
dard 2-stage estimation method [19, 24]. One-, two-, and three-
compartment models were examined for each drug. The pa-
rameter estimates from these models were then used as initial
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estimates in the POPINIT subroutine of ADAPT. Thereafter,
pharmacokinetic parameter estimates were identified for each
patient using the maximum-likelihood solution via the ex-
pectation-maximization algorithm. The optimal number of
compartments for each drug was then chosen using Akaike and
Bayesian information criteria, negative-log likelihoods, and
parsimony. The results were used to calculate the 24-hour
AUCs and trough concentrations just prior to the next dose for
each patient and for each drug.

CART Analyses
CART analyses [26–28, 37, 38] were performed using the
Salford Predictive Miner System software (San Diego, CA).
First, we defined the clinically important categorical primary
outcome as the composite long-term outcome of treatment
failure, or relapse, or death, up to 2 years. Treatment failure was
defined as inability to attain sputum smear conversion during
the initial 6 months of treatment. The secondary outcome was
2-month sputum culture conversion. Second, a set of predictors
was specified, all were clinical features, including observed peak
and predose concentrations, calculated trough concentration,
and 0–24 hour AUC for each drug, age, gender, weight, human
immunodeficiency virus (HIV) status, smear positivity, and
treatment with streptomycin. Third, we assumed prior proba-
bilities (PRIORS EQUAL procedure in CART) that were uni-
formly distributed in the population from which the study
sample was drawn and employed Gini splitting rules [25–27,
37]. Fourth, CART is a binary recursive partitioning technique,
which means that it splits predictors at nodes into 2 groups of
maximum homogeneity, followed by repetition of the same
process to generate daughter nodes et sequens. This is accom-
plished by an automated search through all possible predictors
and values in order to identify the most significant variables.
CART identifies the optimal predictor cutoff value for continu-
ous variables (eg, either concentration or patient age) at each
node. In this way, it builds a tree, with the root node as the
most significant. Fifth, CART generates a variable importance
score, which is based on how much each of the subsequent pre-
dictors identified for daughter nodes improves the primary pre-
dictor (highest-ranked node). The score of the root node is
100%, with the improvement by the predictors identified in
daughter nodes scored relative to the root node. We considered
a relative contribution in improvement of predictive score of
<20% to be clinically nonsignificant. In the end, CART con-
structs maximum trees. Sixth, goodness-of-fit for each tree was
assessed by 10-fold cross-validation and receiver operating
curves. In the cross-validation, the data are randomly split by
the program into 2 datasets, with one used for training and the
other as the test data, and CART analysis performed. This was
repeated 10 times, so that 10 randomly split datasets were
tested, for 10 CART analyses. True predictive power is defined
as performance of the training set–derived tree on the test

dataset. Pruning was used to select optimal trees, based on rela-
tive misclassification costs, complexity, and parsimony. The
optimal tree was chosen based on the lowest cross-validated
relative error.

CART has the advantage that it is specifically designed to
handle “missing” data by identifying and using surrogate vari-
ables, thus minimizing ascertainment bias. However, while the
main output of CART is predictive accuracy, clinicians are
more familiar with association statistics and effect sizes. There-
fore, we identified the odds ratios (ORs) for poor outcome in
patients with CART-derived variables with ≥20% score using
SPSS version 12.

RESULTS

In total, 142 patients were enrolled. The patients’ demographic,
clinical, and laboratory features are shown in Table 1. Notable
clinical features are that 64% of patients had prior tuberculosis
disease and HIV-infected patients comprised only 10% of the
total. The doses administered to the patients were adequate
based on South African guidelines and, in the case of pyrazina-
mide, were actually higher (Table 1). Patients received the fol-
lowing drug formulations of rifampin and isoniazid: 29 (20%)
fixed-dose combination and 109 (77%) single drug products; in
4 (3%) the formulations were unclear.

Rifampin and pyrazinamide pharmacokinetics were each
best explained by a 1-compartment pharmacokinetic model,
while isoniazid was best explained by a 2-compartment model.
The summary (or “population”) pharmacokinetic parameter
estimates are shown in Supplementary Table 1. Each of the 142
patients had a unique concentration–time profile for each of
the 3 drugs, and each patient’s drug concentrations were com-
pared with the patient’s outcome. The concentration distribu-
tions were wide (Figure 1). As an example, while the highest
ratio of the highest-to-lowest dose (mg/kg) was 2.7, the ratios of
the highest-to-lowest peak concentrations were >102-fold for
rifampin, 31-fold for isoniazid, and 63-fold for pyrazinamide.
Moreover, when the peak and AUCs were examined for depar-
ture from normality using the D’Agostino–Pearson omnibus
normality test (K2), the pharmacokinetic parameters in the 142
patients were not normally distributed, with the exception of
pyrazinamide AUC (Figure 1).

Of 142 patients, 15 (11%) did not convert their sputum cul-
tures to negative after 2 months of treatment based on liquid
cultures. CART identified the predictors of 2-month sputum
culture shown in Figure 2. The highest predictor of 2-month
sputum conversion among all clinical factors examined was
pyrazinamide peak concentration. The peak concentration
thresholds identified by CART are shown in Figure 2. Among
patients who failed to sputum convert, 93% (confidence inter-
val [CI], 70–99) had a low pyrazinamide peak concentration.
Conversely, when pyrazinamide peak concentration was above

1466 • JID 2013:208 (1 November) • Pasipanodya et al

D
ow

nloaded from
 https://academ

ic.oup.com
/jid/article/208/9/1464/2193009 by guest on 09 April 2024

http://jid.oxfordjournals.org/lookup/suppl/doi:10.1093/infdis/jit352/-/DC1


threshold concentrations, only 2% of patients still had positive
sputum at 2 months. If the drug concentrations were used as
biomarkers to predict 2-month sputum conversion, the mea-
sures of association and test characteristics would be as shown
in Table 2.

With regard to long-term outcomes after discharge, 6 (4%)
patients became either nonadherent or absconded in the last 4
months of therapy. Further follow-up of these 6 patients found

that 1 had confirmed relapse during the 2-year observation.
The patient had drug-susceptible tuberculosis. A second devel-
oped hemoptysis after the 2-year period and was not further
characterized. In total, 25% of 142 patients had poor long-term
outcomes (19 relapsed, 15 died, and 2 had therapy failure).
CART revealed that the 24-hour AUCs of pyrazinamide, rifam-
pin, and isoniazid were the most predictive of long-term out-
comes among all factors (Figure 3). The drug concentration
thresholds predictive of this outcome were a 24-hour AUC of
363 mg·h/L for pyrazinamide, 13 mg·h/L for rifampin, and 52
mg·h/L for isoniazid. In total, ≥91% of patients with poor long-
term outcomes received at least 1 drug with a low AUC. We
used these CART-derived AUC thresholds to calculate the odds
of poor long-term outcomes in patients. The OR for poor
outcome in 32/78 (41%) patients with an AUC of at least 1
drug below threshold vs 3/64 (5%) patients without any low
AUC was 14.14 (CI, 4.08–49.08). Indeed, 17/60 patients who
had a low pyrazinamide or rifampin AUC (first and second de-
cision nodes) relapsed compared with 0/64 of patients without
(OR = 51.90; CI, 3.04–886). Table 3 further demonstrates that
the lower the cumulative number of drugs above the cutoff
AUC threshold, the higher the odds of poor long-term out-
comes (P = .001). To put this into context, we also examined
the association with failure of the drug concentrations currently
used in the field for therapeutic drug monitoring [18]: the ORs
for poor long-term outcome were as shown in Supplementary
Table 2.

All patients had confirmed drug-susceptible tuberculosis at
the start of treatment. Of these patients, 2.11% (CI, .72-6.00)
developed ADR and 0.7% (CI, .12-3.87) developed ADR prior
to the third month of therapy; all 3 had been adherent to
therapy. The drug concentrations and the timing of ADR emer-
gence in these patients are shown in Table 4. The table demon-
strates that these patients had suboptimal rifampin and isoniazid
drug concentrations prior to developing ADR, so that despite
adequate dosing, the pharmacokinetic variability-related subop-
timal exposures preceded development of drug resistance.

DISCUSSION

First, the belief that “first-line drugs (INH [isoniazid], RIF [ri-
fampin], PZA [pyrazinamide], and EMB [ethambutol]) have
relatively predictable pharmacokinetics” is likely unjustified
[39]. Indeed, wide between-patient pharmacokinetic variability
for rifampin, isoniazid, and pyrazinamide has been a consistent
finding in prior studies [34–36, 40–42]. The reasons for this
variability are many but could include pharmacogenetic
factors; drug formulation; quality of tablets; and patient weight,
age, gender, adherence patterns, and comorbid conditions such
as AIDS [19, 30, 31, 34–36, 40–42]. We show that this pharma-
cokinetic variability leads a proportion of patients who have
suboptimal drug concentrations, which is associated with poor

Table 1. Clinical and Laboratory Characteristics of 142 Patients

Characteristic
Estimate or
Median

Percentage or
Range

Sex: female (%) 78 55
Age, y 36.00 16.00–72.00

Self-identified “race” or ethnic group

Mixed race South African 127 89%
Black South African 15 11%

Weight, kg

Weight 46.00 28.00–85.50
Weight changewith 2 months
of therapy

8.37 −11.55 to 36.84

Human immunodeficiency virus
infection, %

15 10

Dose and range, mg/kg

Rifampin 10.90 7.02–15.79
Isoniazid 6.52 3.51–10.53

Pyrazinamide 35.71 19.69–52.63

Ethambutol 24.62 12.88–34.12
Received streptomycin, % 68 47.89%

Prior tuberculosis, % 91 64

Symptoms at time of pharmacokinetic sampling
Resolved 50 35.21%

Improved 81 57.04%

Chest x-ray changes
Improved/resolved 120 84.51%

No improvement/worse 22 15.49%

Slow acetylators, %a 17 18.30%
Hemoglobin, g/dL (range) 11.90 7.4–14.90

White cell count, ×109 cells/mL 8.45 3.40–25.70

Platelet count, ×109 cells/mL 408.0 66.0–849.0
Erythrocyte sedimentation
rate, mm/h

51.00 1.0–138.0

Creatinine clearance rate,
mL/min (range)

72.65 20.12–128.90

Total protein, g/L 78.00 62–114

Albumin, g/L 34.00 19–47
Elevated liver function testb

(% patients)
8 6

Creatinine clearance rate was calculated using the Cockcroft–Gault equation.
a Acetylation phenotype and genotype tests were performed on the first 93
patients.
b At least >1.5 normal for either alanine aminotransferase (1 patient) or
aspartate aminotransferase (2 patients) or alkaline phosphatase (5 patients); no
patient had >2 times upper limit of normal of any of the 3 enzymes.
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2-month sputum conversion rates, to higher relapse and ADR.
One could not predict a priori the concentrations achieved in a
particular patient, suggesting that it may be necessary to ascer-
tain the drug concentrations achieved in patients.

Second, we identified AUC concentration cutoff values that
predict >91% of long-term clinical outcomes. These differ from
the target concentrations of anti-tuberculosis drugs that have

been most frequently cited in the past [18], which we found
were not associated with long-term outcomes in our dataset.
We derived the new concentration thresholds based on efficacy
in a combination regimen in the context of all other potential
clinical predictors in patients with tuberculosis. We were able
to perform cross-validations in CART, which confirmed the
threshold concentrations. However, the predictive accuracy of

Figure 1. Pharmacokinetic variability in 142 patients. In most instances, except for pyrazinamide 24-hour area under the concentration–time curve
(AUC), the pharmacokinetic parameters were not normally distributed, as demonstrated by P < .05. The figures demonstrate the wide variability in the peak
concentration and AUC. No concentrations of one drug covaried with that of another.
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these new concentration thresholds will need to be externally
validated in studies by others.

Third, pyrazinamide concentrations were the most impor-
tant predictor of both sputum conversion and sterilizing activi-
ty. This is a surprise since it is generally believed that rifampin
has the most important sterilizing effect in the regimen while
isoniazid has the best bactericidal effect and role on sputum

conversion [39, 43, 44]. Our findings on the predominant role
of pyrazinamide for both sputum conversion and sterilizing
effect demonstrate an important advantage of nonlinear system
analysis. When examined as monotherapy, pyrazinamide has
the lowest microbial kill rates compared with rifampin and iso-
niazid and is thus the “least” dominant by those criteria [5–7,
43–45]. However, our analysis shows that pyrazinamide is the
dominant drug in combination therapy with these 2 drugs.
This is because of the nonlinear nature of drug efficacy interac-
tions; pyrazinamide does better when part of a combination
therapy regimen as a whole in the context of interaction with
the effects of other drugs than it does as an isolated component.
In other words, the effect of the regimen is not the sum of its
components combined. This suggests that as new multidrug
regimens are fashioned to shorten therapy duration, pyrazina-
mide is likely to continue playing an important role.

Fourth, ADR was preceded in time by low rifampin and iso-
niazid concentrations. This was a hypothesis first generated
based on hollow-fiber studies and clinical trial simulations [8].
We have proposed that wide pharmacokinetic variability leads
to a proportion of patients with 1 (or more) drug concentra-
tions below the effective threshold who are then effectively on
monotherapy, despite 100% adherence, which would lead to

Figure 2. Variables predictive of 2-month sputum conversion in 142 patients. Pharmacokinetic parameters as well as patient demographic factors were
examined in the initial models and the decision trees. Peak concentrations (mg/L) of pyrazinamide, rifampin, and isoniazid were the best predictors of
2-month sputum conversion. Only 2% of patients with a pyrazinamide peak above threshold were still sputum positive at 2 months. In those who had a
lower pyrazinamide peak (more likely to fail), a high rifampin peak was associated with a positive 2-month sputum in only 3% of patients.

Table 2. Association Between Number of Drugs With Peak Con-
centration Above Classification and Regression Tree Analysis–
Derived Threshold and 2-month Sputum Conversion

Drug

Odds Ratio of
Success (95%

confidence interval)
Sensitivity,

%
Specificity,

%

Pyrazinamide
alone

6.9 (.9–54.4) 33.1 93.3

Pyrazinamide
OR rifampin

10.3 (2.2–48.1) 61.4 86.7

Pyrazinamide
AND rifampin

12.4 (1.6–99.1) 48.8 92.9

Pyrazinamide AND
rifampin AND
isoniazid

12.3 (2.7–56.8) 65.4 86.7
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ADR in about 0.68% of Western Cape patients between the
second and third months. This compares well with 0.7% ADR
that we encountered in the current Western Cape study.
Thus, pharmacokinetic variability is the proximate cause of
ADR; it is the “bow” initiating the “antibiotic resistance arrow of
time” [46].

Finally, in our in vitro hollow-fiber system tuberculosis
model, we found that AUC and peak concentration (indexed
to MIC) are associated with both efficacy and suppression of
ADR for first-line anti-tuberculosis compounds [5–7]. The pyr-
azinamide AUC/MIC derived as most optimal (ie, associated
with ≥90% of maximal kill) at the site of infection in the
hollow-fiber system tuberculosis model was ≥209 [7, 47]. In
contrast, murine and Guinea pig studies have suggested that
optimal pyrazinamide exposures would be 12-fold lower than
identified in the hollow-fiber system tuberculosis model [48].
The pyrazinamide median MIC in clinical isolates is 37.5 mg/L
[47, 49], so that the AUC/MIC cutoff ratio in serum calculates
as 363 mg·h/L divided by 37.5 mg/L, or 9.68. Pyrazinamide
penetrates into epithelial lining fluid where it is concentrated
up to 22-fold [50], so that the optimal AUC/MIC ratio at the
site of pulmonary infection calculates as ≥213. This value is
reasonably close to the ratio of 209 identified in the hollow-
fiber system tuberculosis model 4 years ago [7]. Similarly, given
the highest MIC that indicates isoniazid susceptibility of 0.1
mg/L and an epithelial lining fluid to serum penetration ratio
of 1, the optimal isoniazid AUC of 52 mg·h/L in patients calcu-
lates to an AUC/MIC of 520 in the lung, which is close to the
567 derived in the hollow-fiber system tuberculosis model [6,

Figure 3. Variables predictive of poor long-term outcome in 142 patients. Pharmacokinetic parameters as well as patient demographic factors were ex-
amined in the initial models and the decision trees. The decision nodes demonstrate the primary node was for pyrazinamide 24-hour area under the con-
centration–time curve (AUC), followed by rifampin AUC. The AUC cutoff values that were identified as important predictive factors are shown.

Table 3. Association Between Cumulative Number of Drugs
Below Classification and Regression Tree Analysis–Derived
Threshold AUC and Long-term Outcome

Drug AUCs

Long-Term
Outcomes

Odds Ratio for
Poor Outcome

(95% confidence
interval)Poor, % Good, %

No drug above threshold 1 2 (. . .)a

Any 1 drug above threshold 13 (52) 12 (48) 7.57 (2.57–22.34)

Any 2 drugs above threshold 14 (26) 40 (74) 2.65 (0.99–7.18)

All 3 drugs above threshold 7 (12) 53 (88) Reference
Total 35 (100) 107 (100)

Abbreviation: AUC, 0–24 hour area under the concentration time curve.
a Combined with “one drug above threshold” due to small cell size.

1470 • JID 2013:208 (1 November) • Pasipanodya et al

D
ow

nloaded from
 https://academ

ic.oup.com
/jid/article/208/9/1464/2193009 by guest on 09 April 2024



47]. These similarities highlight the possibility that drug con-
centrations might play a powerful role in determining outcome
in preclinical models and in patients.

Our study has several limitations. First, 64% of patients had
a recurrent tuberculosis episode, which could limit the general-
izability of results. “Retreatment” tuberculosis patients would
be expected to have low response rates not generalizable to new
patients. However, our retreatment patients had relatively good
outcome, even with the more sensitive liquid media used for
culture. A second limitation is that we had a low rate of HIV-in-
fected patients, so that our results should not be generalized to
patients with AIDS. A third potential limitation is that CART is
prone to overfitting and biasing toward covariates with many
possible splits. In addition, the exact cutoff value will be influ-
enced by the distance between 2 independent variable data
points, so that if data with less distance between AUCs were
used, the exact threshold may shift somewhat. However, exami-
nation of the CART-derived thresholds using standard mea-
sures of association demonstrated statistically different
outcomes in patients with drug concentrations above and
below the CART-derived thresholds. Moreover, inherent in
these machine learning–based methods is the fact that as the
sizes of datasets increase in the field, further precision of the
concentration thresholds will likely be introduced by those
efforts. A fourth potential limitation is that our results were for
pulmonary tuberculosis patients. For tuberculosis of other
organs, different drug concentration cutoff values will need to
be derived since drug penetration into different organs is likely
to affect predictive serum concentrations. Fifth, sputum was
not collected from all patients after discharge, for example, pa-
tients who could not provide sputum. Thus, ascertainment of
this aspect of long-term outcomes was not assessed in a uniform
manner. However, CART is specifically designed to minimize as-
certainment bias in such situations. Finally, our study design did
not capture the quantitative sputum bacillary burden, which is
known to predict microbiologic outcomes. Such interactions of
drug concentrations and bacterial burden are the subject of an
ongoing study in another dataset by our group.

In summary, we show that with standard tuberculosis
therapy, a considerable proportion of patients have low drug

concentrations, which is associated with therapy failure and
ADR. We derived AUCs that predict poor long-term outcome
in such patients.
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