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Antimicrobial-resistant (AMR) infections pose a major threat to
global public health. Similar to other AMR pathogens, both histor-
ical and ongoing drug-resistant tuberculosis (TB) epidemics are
characterized by transmission of a limited number of predominant
Mycobacterium tuberculosis (Mtb) strains. Understanding how
these predominant strains achieve sustained transmission, partic-
ularly during the critical period before they are detected via clinical or
public health surveillance, can inform strategies for prevention and
containment. In this study, we employ whole-genome sequence
(WGS) data from TB clinical isolates collected in KwaZulu-Natal,
South Africa to examine the pre-detection history of a successful
strain of extensively drug-resistant (XDR) TB known as LAM4/KZN,
first identified in a widely reported cluster of cases in 2005. We
identify marked expansion of this strain concurrent with the onset
of the generalized HIV epidemic 12 y prior to 2005, localize its geo-
graphic origin to a location in northeastern KwaZulu-Natal ∼400 km
away from the site of the 2005 outbreak, and use protein structural
modeling to propose a mechanism for how strain-specific rpoB mu-
tations offset fitness costs associated with rifampin resistance in
LAM4/KZN. Our findings highlight the importance of HIV coinfec-
tion, high preexisting rates of drug-resistant TB, human migration,
and pathoadaptive evolution in the emergence and dispersal of this
critical public health threat. We propose that integrating whole-
genome sequencing into routine public health surveillance can en-
able the early detection and local containment of AMR pathogens
before they achieve widespread dispersal.

infectious disease | epidemics | tuberculosis | antimicrobial resistance |
population genetics

Prevention of antimicrobial-resistant (AMR) infections is a
central strategic priority for global public health. Epidemics

of AMR pathogens are typically characterized by transmission of
a limited number of successful strains distributed over distinct
geographic territories. Examples include carbapenem-resistant
Klebsiella pneumoniae ST258 (1) and methicillin-resistant Staphy-
lococcus aureus USA300 in the United States (2), and the multiple
epidemic strains of drug-resistant Mycobacterium tuberculosis (Mtb)
that have originated in South America (3), the former Soviet Union
(4), and the United States (5). Recent studies have implicated a
single successful epidemic strain in the majority of extensively drug-
resistant tuberculosis (XDR-TB; defined as TB disease involving

resistance to at least 4 first- and second-line antibiotics) cases in
KwaZulu-Natal, South Africa (6, 7). Understanding the mecha-
nisms through which certain AMR pathogens achieve sustained,
widespread transmission remains an active and important area of
scientific inquiry.
Multiple lines of evidence suggest that the fitness cost of drug-

resistance mutations, namely the predicted decrease in trans-
missibility in drug-resistant pathogens versus their drug-susceptible
counterparts, strongly influences the epidemiological success of
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drug-resistant pathogens (8, 9). Pathogen-specific adaptations that
offset the fitness costs of drug resistance have been studied exten-
sively (10–14). However, these pathogen-specific adaptations are
often not exclusive to a predominant epidemic strain (15–19),
suggesting that additional mechanisms (including the natural
stochasticity of infectious disease transmission) likely influence the
process through which certain drug-resistant strains become more
prevalent than others. Local environmental or ecological factors,
including differences between local host populations or contact
networks, may also help explain the distinct geographic specificity
of most epidemic strains (20, 21).
Compared with the expansive body of research on adaptive

evolution in AMR pathogens, relatively less is known about these
potential extrinsic drivers of epidemiological success. This is in part
because many of the key processes in the emergence of drug-
resistant pathogens take place years or decades before they are first
noticed as public health threats (the so-called pre-detection period).
In addition, many drug-resistant pathogens are detected only after
they have dispersed into a larger area away from their geographic
origin, confounding attempts to identify local environmental or
host-related factors driving emergence. Addressing these knowledge
gaps, and better understanding this important pre-detection period,
can help inform strategies for early identification and local con-
tainment of AMR pathogens.
In this report, we employ whole-genome sequence (WGS)

data to reconstruct the joint evolutionary and epidemiological
histories of a highly successful strain of XDR-TB in KwaZulu-
Natal, South Africa (KZN). This strain, known as LAM4/KZN,
was first identified during an outbreak of TB cases among
cohospitalized HIV patients in Tugela Ferry, KwaZulu-Natal in
2005 (22), and has since become the predominant cause of
XDR-TB in the province. Leveraging a large cross-sectional
collection of clinical XDR-TB isolates, including a subset from
the 2005 Tugela Ferry outbreak, and detailed patient geographic
information, we localize the origin of LAM4/KZN to an outlying
district in northeastern KwaZulu-Natal, distant from Tugela
Ferry. We identify local environmental factors in this area, in-
cluding high existing rates of drug-resistant TB and HIV coin-
fection, as important contributing factors in the emergence of
this important strain. We use Bayesian phylogenetic inference to
estimate when widespread transmission of LAM4/KZN began,
implicating population-level modification of host susceptibility
due to syndemic HIV infection as a key driver in this epidemic.
In addition, we employ protein structural modeling to propose a
mechanism for how strain-specific rpoB mutations offset fitness
costs associated with rifampin resistance in LAM4/KZN, under-
scoring the multifactorial etiology of this important epidemic and
AMR epidemics in general. We propose that routine genomic
surveillance, enabled by the rapidly decreasing cost of pathogen
sequencing, can provide a powerful adjunctive strategy for public
health practitioners, specifically as a tool enabling the early identi-
fication and local containment of emerging AMR pathogens.

Results
XDR-TB in KwaZulu-Natal Is Diverse but Dominated by a Single Epidemic
Strain. To understand the population structure of XDR-TB in
KwaZulu-Natal, we first analyzed WGS data for 318 bacteriologi-
cally confirmed XDR-TB clinical isolates collected in the province
between 2011 and 2014 (6, 23). XDR-TB strains from KwaZulu-
Natal were genetically diverse and included isolates from multiple
distantly related phylogenetic lineages. The majority of XDR-
TB isolates (250 of 318, 79%) belonged to the genetically mono-
morphic LAM4/KZN clade (mean within-clade pairwise single-
nucleotide polymorphism [SNP] difference: 21.07 SNPs; range:
0 to 104 SNPs) (Fig. 1), which is also identified as the 4.3.3 sub-
lineage in the SNP-based classification system described by Coll
et al. (24). Terminal branch lengths were significantly shorter
among LAM4/KZN isolates (n = 248; mean terminal branch

length: 6.93) when compared with non–LAM4/KZN strains (n =
70; mean terminal branch length: 39.43) by 2-sample Kolmogorov–
Smirnov test (P = 1.997E-13) and a modified version of this test
that accounts for differences in sample sizes (SI Appendix, Fig. S1).
In this context, shorter terminal branch lengths are consistent with
higher relative rates of transmission among LAM4/KZN isolates
versus other XDR-TB strains in KwaZulu-Natal. Althoughmutation-
rate heterogeneity between Mtb lineages has been reported, this
variation is small (25) and not expected to measurably change the
number of SNP differences accrued during the relatively short time
since divergence in terminal branches. Isolated long terminal
branches, indicative of genetically distinct isolates within subclades,
were absent in LAM4/KZN (Fig. 1A), consistent with the highly
clonal nature of this strain.
Seventy-eight percent of XDR-TB isolates were obtained from

patients with HIV coinfection, and 31% of isolates were from
patients with a history of prior treatment for multidrug-resistant
(MDR) TB. We find no evidence of population differentiation
between HIV-seronegative and HIV-seropositive cases (Weir
and Cockerham’s FST = 0.0043, P = 0.1065) or patients with
prior history of MDR-TB and those with no prior history of
MDR-TB (FST = −0.0028, P = 0.7997). These findings suggest
that ongoing transmission of LAM4/KZN likely occurs in net-
works that include both HIV-seropositive and -seronegative
patients, and among patients with and without prior history of
MDR-TB infection.

Phylogenetic Reconstruction Supports Early Emergence of LAM4/KZN.
To compare the timescale over which different XDR-TB line-
ages evolved, we compared the estimated time to the most recent
common ancestor (TMRCA) for drug resistance-associated
mutations in rpoB (a characteristic mutation in MDR-TB that
mediates resistance to rifampin) and gyrA (a characteristic mu-
tation in XDR-TB that mediates resistance to fluoroquinolones)
across different XDR-TB sublineages on the phylogenetic tree
(Fig. 1B). rpoB mutations arose before gyrA mutations in each of
the predominant XDR-TB strains across all sublineages, con-
sistent with the introduction of rifampin for clinical use ∼20 y
before fluoroquinolones. gyrA mutations were all relatively re-
cently acquired, with TMRCA for resistance-associated muta-
tions observed in the 2.2.1 clade (gyrA D94G; median: 2008; 95%
highest posterior density [HPD]: 2001 to 2011) and the oldest
divergence among those from the 4.8 clade (gyrA D94N; median:
1982; 95% HPD: 1972 to 1989).
To date the stepwise acquisition of drug-resistance mutations

in LAM4/KZN, we next reconstructed a dated phylogenetic tree
using the LAM4/KZN subsample described in Methods. We es-
timated that LAM4/KZN acquired mutations that define the
MDR-TB phenotype (katG S315T, which confers resistance to
isoniazid, and rpoB L452P, which confers resistance to rifampin)
in ∼1961 and 1983, respectively. Mutations required for the
complete XDR phenotype, gyrA A90V and rrs a1401g (which
confer resistance to fluoroquinolones and kanamycin, respec-
tively) and 2 additional rpoB mutations (D435G and I1106T)
were acquired approximately 10 y later (TMRCA: 1993; 95%
HPD: 1988 to 1998; SI Appendix, Fig. S2), still well before the
2005 Tugela Ferry outbreak that first focused public attention on
this epidemic. Multiple gyrA mutations are found among LAM4
rpoB single mutants (i.e., those carrying L452P but not D435G
and I1106T), indicating that fluoroquinolone resistance emerged
multiple times in MDR LAM4 isolates sharing a recent common
ancestor with the rpoB triple-mutant clone. The order in which
LAM4/KZN acquired drug-resistance mutations is consistent
with both treatment guidelines (which outline that patients receive a
fluoroquinolone only after they are found to have rifampin-resistant
TB) and the historical timeline of when each corresponding anti-
biotic was introduced for clinical use (7). A nonsynonymous mu-
tation in drrA (R262G) and a mutation in the Rv1144-mmpL13a
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intergenic region (–102C>A), both associated with XDR-TB in
prior genome-wide association studies (26), were identified as co-
occurring with rpoB L452P and the L452P/D435G/I1106T
triple mutation, respectively. LAM4/KZN isolates also carry a
clade-defining nonsynonymous mutation in Rv2000 (L275P),
an Mtb gene of unknown function (27) (SI Appendix, Fig. S3).
rpoB D435G and I1106T are rare mutations across Mtb pop-

ulations globally and the L452P/D435G/I1106T triple mutation
is synapomorphic (i.e., clade-defining) to LAM4/KZN. L452P
and D435G are located adjacent to the RNA polymerase
(RNAP)β active site (in the so-called rifampin resistance-
determining region; RRDR). Protein structural modeling indi-
cates that D435G alters the distribution of charges within the
RNAP active site, both in isolation and in the presence of L452P
(SI Appendix, Figs. S4 and S5), which may have an impact on
polymerase activity or transcriptional targets (28). We did not
identify any known putative rpoC or rpoA compensatory muta-
tions among LAM4/KZN isolates, although rpoCmutations were
common among non–KZN/LAM4 isolates (SI Appendix, Fig.
S3). However, I1106T is located outside the RRDR but within
the RNAPβ–RNAPβ′ (rpoC) binding interface, adjacent to the
location of multiple previously reported RNAPβ′ compensatory
mutations (SI Appendix, Fig. S6) (29).

LAM4/KZN Bacterial Populations Increased in Size Concurrent with the
Onset of the HIV Generalized Epidemic. We used Bayesian skyline
analysis to estimate the historical size of the LAM4/KZN pop-
ulation and thereby infer changes in transmission of this strain
over time. We observed evidence of expansion in the effective
population size (Ne) of this strain starting between 1995 and
2003 (Fig. 2). Comparing the posterior distribution of Ne esti-

mates at different time points in the Bayesian skyline plot, we
find statistically significant increases in Ne between 1999 and
2010 in the analysis including nonsynonymous sites (Fig. 2A) and
between 1998 and 2010 in the analysis excluding nonsynonymous
sites (Fig. 2B). This period corresponds to the onset of the
generalized HIV epidemic and the increase in overall TB case
notifications that occurred in the mid-1990s (30–32). This period
also predates the first reported LAM4/KZN outbreak in Tugela
Ferry by up to 10 y (22). Bayesian estimates of bacterial pop-
ulation size can be biased by several factors, including positive
selection (33), and we thus undertook 2 additional analyses to
examine population-size history in LAM4/KZN: 1) Model com-
parison via marginal-likelihood estimation favors the Bayesian
skyline model and logistical population growth over constant pop-
ulation size, although not significantly so. In the exponential growth
model, the posterior distribution of the population growth rate did
not include 0, rejecting a constant population-size model (SI Ap-
pendix, Table S1). 2) We calculated genome-wide neutrality statis-
tics based on the site-frequency spectrum of mutations in LAM4/
KZN isolates, which demonstrated statistically significant depar-
tures from the expected-site frequency spectrum for a constant-
sized population under no selective pressure. Taken together,
neutrality statistics for the LAM4/KZN isolates are most consistent
with population expansion occurring after a selective sweep (SI
Appendix, Table S2).

Population-Genetic Signatures Localize the Most Likely Geographic
Origin of LAM4/KZN. To investigate the geographic origin of
LAM4/KZN within KwaZulu-Natal, we first used 244 LAM4/
KZN isolates with associated GPS data (for each participant’s
residence) to test for geospatial genetic structure. When isolates

Fig. 1. Bayesian phylogenetic reconstruction for 318 XDR-TB isolates from KZN. Clades are labeled using previously described SNP-based classification for
Mtb per Coll et al. (24) and annotated with HIV serostatus and history of prior MDR-TB (turquoise, LAM4/KZN/4.3.3; orange, non–LAM4/KZN lineage 4; red,
lineage 2). (A) Terminal branch lengths for a BEAST-estimated phylogenetic tree by clade group. (B) TMRCA for drug-resistant clone groups for each clade
(open violin plots, gyrAmutants; closed violin plots, rpoBmutants). All nodes corresponding to SNP-based clade labels (open circles) have posterior probability
greater than 0.99.
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were grouped by district, a Mantel test revealed a significant
positive correlation between groups’ pairwise FST and geo-
graphic distance, as measured by the shortest road distance be-
tween groups (r = 0.4500, P = 0.0139) (Fig. 3A). This pattern,
known as isolation by distance, was also observed for the analysis
when isolates were grouped using hierarchical clustering on
interisolate distances and when the haversine great-circle dis-
tance between groups was used instead of road distance (SI
Appendix, Fig. S7). The most genetically differentiated sub-
population was the northeastern uMkhanyakude district, fol-
lowed by the Ugu and Uthukela districts around the periphery of
KwaZulu-Natal (SI Appendix, Fig. S8). The eThekwini district
that includes the largest city in the province, Durban, and the
remaining southern and coastal districts around eThekwini had
relatively lower pairwise FST values (Fig. 3D), suggesting that
groups of LAM4/KZN isolates in these districts are more
strongly linked to one another via internal migration.
The pattern of isolation by distance can be caused by multiple

processes. The possibility that LAM4/KZN represents an older
population at equilibrium between migration and drift is unlikely
given the estimate of a short TMRCA and the results of neu-
trality tests that reject equilibrium models (Fig. 1 and SI Ap-
pendix, Table S2). Another possibility is that LAM4/KZN
represents a nonequilibrium population that has undergone a
recent geographic range expansion from a common origin. We
tested this range-expansion hypothesis by using the π and ψ
statistics as described in Methods. When π was regressed against
shortest road distance from an origin, the strongest negative
correlation occurred with the uMkhanyakude district as origin
(Pearson r = −0.7674, P = 0.0079; Fig. 3B). Similarly, for ψ, the
strongest positive correlation occurred with the uMkhanyakude
district as origin (Pearson r = 0.6766, P = 0.0227; Fig. 3C).
Spatial trends consistent with range expansion from an origin in
uMkhanyakude are also observed if the π and ψ values for this
location are excluded from the regressions (Fig. 3 B and C,
dashed lines), although these trends are not statistically signifi-
cant (π: R = −0.205, P = 0.3128; ψ: R = 0.450, P = 0.1316). The

relationships between π, ψ, and distance are reversed when
uMzinyathi district is tested as the origin (π: R = 0.734, P =
0.9878; ψ: R = −0.481, P = 0.905), providing strong evidence that
Tugela Ferry was not the origin location for the XDR LAM4/
KZN epidemic. By interpolating the correlations between the
districts, we found the best evidence for an origin subpopulation
in the northeastern uMkhanyakude district (Fig. 3 E and F).
When the analysis was done using subpopulations defined by hi-
erarchical clustering rather than by districts, the results were also
consistent with uMkhanyakude as a well-differentiated sub-
population that represented the most likely origin for LAM4/
KZN: significant isolation by distance (Mantel r = 0.4300, P =
0.0329), significant negative correlation for π with distance from
uMkhanyakude (Pearson r = −0.6732, P = 0.0164), and a trending
positive correlation for ψ with distance from uMkhanyakude (r =
0.4838, P = 0.0782; SI Appendix, Fig. S9). Importantly, these
results were not explained by differences in sample sizes, dif-
ferences in estimated human population densities between sites
(SI Appendix, Fig. S10), or temporal confounding of the observed
spatial genetic trends (SI Appendix, Table S3). Thus, these results
suggest an origin of LAM4/KZN ∼400 km away from the first
reported cases at Tugela Ferry.

Discussion
Multiple environmental and pathogen-specific factors must align
such that novel AMR pathogens are able to establish sustained
transmission, propagate among susceptible hosts, and disperse
into geographically separated populations (20, 34). Our results
indicate that XDR-TB strain LAM4/KZN emerged in the early
1990s, most likely in a district with high preexisting rates of drug-
resistant TB located hundreds of kilometers away from where
this strain was first discovered (22). We estimate that LAM4/
KZN acquired the mutations required for the XDR phenotype
approximately 12 y before the Tugela Ferry outbreak and 8 y
before the first known XDR LAM4/KZN clinical isolate was
collected in KwaZulu-Natal (35), indicating that this strain
emerged years before it was identified by existing clinical and

Fig. 2. Bayesian skyline plot for LAM4/KZN, HIV prevalence in antenatal clinics, TB incidence by year in KZN, and neutrality statistics for LAM4/KZN isolates.
(A) BSP estimated using all variant sites. The white line indicates the median values for the product of the Ne, the effective population size, and τ, the
generation time over time; 95% HPD range is indicated in turquoise. (B) BSP estimated using synonymous sites only. HIV prevalence and TB incidence data
were obtained from publicly reported sources (66). The period following widespread introduction of combination antiretroviral therapy is shown as the gray
region on the BSP.
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public health surveillance activities. LAM4/KZN subsequently
underwent marked population expansion and concurrent geo-
graphic dispersal following the onset of the generalized HIV
epidemic. Default from MDR-TB treatment was common during
this period (36) and susceptibility testing for antibiotics used for
the treatment of MDR-TB was limited. We find evidence that
early acquisition of unique rpoB mutations and other mutations
(including drrA R262G, Rv1144-mmpL13a –102C>A, and
Rv2000 L275P) may have acted in multiple ways to augment the
overall pathoadaptive fitness of LAM4/KZN and drive the epi-
demiological success of this strain. These findings underscore the
complex, multifactorial processes behind the XDR-TB epidemic
in KwaZulu-Natal, and highlight multiple important priorities
for future efforts to contain drug-resistant TB and AMR path-
ogens in general.
HIV coinfection has had wide-reaching impacts on global TB

control. Expansion of LAM4/KZN concurrent with the onset of
widespread HIV infection may in part reflect dramatic increases
in overall HIV-associated TB transmission (including both sus-
ceptible and other drug-resistant strains) that occurred in South
Africa between 2000 and 2010. However, this phenomenon
alone fails to explain the differential expansion of LAM4/KZN
(versus other XDR-TB strains in KwaZulu-Natal). Prior work
has suggested that LAM4/KZN may be less virulent than closely
related drug-susceptible strains, and that decreased virulence
may have promoted increased transmission between HIV-
coinfected patients (37). Nearly all XDR-TB cases identified
early during the Tugela Ferry outbreak were HIV-coinfected (22,
38), whereas 32% of XDR-TB cases in our more recent study
were HIV-negative. We found no evidence of genetic differen-

tiation between isolates from patients with and without HIV
coinfection, suggesting ongoing linked transmission between
these patient populations. Importantly, we note that case fatality
rates in the Tugela Ferry outbreak were nearly 100% among
patients with HIV (39) and it is possible that our more recent
study (started ∼6 y after the Tugela Ferry outbreak) failed to
capture sizable numbers of early clustered cases among HIV-
coinfected patients. Taken in context, our results indicate that
although HIV coinfection was undoubtedly important early in
the epidemic, linked transmission between HIV-positive and
HIV-negative patients has played an important part in the more
recent dispersal of LAM4/KZN (40).
Earlier studies attributed the majority of XDR-TB cases in

Tugela Ferry to nosocomial transmission between cohospitalized
patients with HIV (38). However, there is increasing recognition
that community transmission is an important driver in the ex-
pansion and dispersal of specific TB strains (41, 42), and evi-
dence from recent studies indicates that LAM4/KZN currently
circulates at the community level throughout KwaZulu-Natal (6,
7, 43). We have found genomic evidence supporting marked
expansion of LAM4/KZN ∼10 y before the Tugela Ferry out-
break, suggesting that widespread community transmission is not
only ongoing but significantly predates the first clinical reports of
XDR-TB in the province. Multiple processes likely contributed
to the rapid dispersal of LAM4/KZN during this pre-detection
period (44), including limited availability of drug-susceptibility
testing and provision of ineffective antibiotic therapy that likely
prolonged the duration over which individual patients were in-
fectious, traveling, and mixing with susceptible populations in
other locations.

Fig. 3. Population-genetic signatures of range expansion from a common origin for LAM4/KZN isolates. (A) Pairwise FST vs. shortest road distance between
isolates grouped by district. (B and C) Linear regression of nucleotide diversity (π) or the directionality index (ψ) vs. shortest road distance from uMkhanyakude
district. Black solid lines show regression of π or ψ versus distance from uMkhanyakude for all locations. Red dashed lines show the regression of π or ψ versus
distance from uMkhanyakude but excluding the π or ψ values for uMkhanyakude. (D) Average pairwise FST estimates for districts, with kriging interpolation
between sampling points; red color indicates greater differentiation. (E and F) Spatial distribution of the correlations in B and C, with kriging interpolation
between sampling points; red color indicates better evidence of origin. Districts are abbreviated as follows: eThekwini (ET), iLembe (IL), Ugu (UG), uThukela
(UL), uThungulu (UT), uMgungundlovu (UV), uMkhanyakude (UY), uMzinyathi (UZ), and Zululand (ZU). Error bars indicate the SD of π or ψ based on
1,000 bootstrap replicates. The location of Tugela Ferry is indicated with a star.
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Determining where the XDR-TB epidemic began is an es-
sential first step for identifying priority areas for public health
surveillance and understanding the networks underlying geo-
graphic dispersal of XDR-TB. Our analysis indicates that LAM4/KZN
most likely originated in uMkhanyakude, a rural district in north-
eastern KwaZulu-Natal that borders Mozambique and eSwatini.
We note that uMkhanyakude consistently records the highest
rates of drug-resistant TB cases (45) and the highest HIV
prevalence in the province (46). The frequency with which new
drug-resistance mutations arise increases with increasing pop-
ulation size (34), and it is not unexpected that XDR-TB would
arise in an environment where other forms of drug-resistant TB
are already highly prevalent and where province-wide default
and failure rates for MDR-TB treatment are high (36). We find
no evidence to suggest that LAM4/KZN originated in Tugela
Ferry; rather, isolates from uMzinyathi district (where Tugela
Ferry is located) exhibit genetic signatures consistent with anMtb
subpopulation derived from another, more diverse origin pop-
ulation. High mortality rates in Tugela Ferry, driven by HIV
coinfection, and resultant detection bias may explain why LAM4/
KZN was first identified only after dispersal from its origin in
uMkhanyakude (22). Expanding and intensifying genomic sur-
veillance efforts may provide opportunities to identify and pre-
emptively contain future drug-resistant TB outbreaks in their
origin locations.
Recent studies have suggested that rural–urban migration

between densely populated eThekwini (which includes Durban)
and other districts, rather than local transmission within districts,
likely drives geospatial patterns of XDR-TB transmission in
KwaZulu-Natal (43). Consistent with these findings, our results
suggest that introduction of LAM4/KZN from its origin in out-
lying, sparsely populated uMkhanyakude into urban areas like
eThekwini was likely a key event in the epidemiological history
of this subpopulation.
Similar to other epidemics in which rural–urban migration is

an important driver (47, 48), we propose that urban areas in
KwaZulu-Natal likely act as hubs for the amplification and dis-
persal of XDR-TB across the province, as suggested by the low
level of genetic differentiation we observed between eThekwini
and other central districts. We note that if geographic dispersal
occurs more rapidly than separate pathogen populations accrue
genetic evidence of differentiation, conventional strategies for
inferring transmission based on differentiation (for example,
using SNP differences between patient isolates) may be difficult.
Additional work is needed to further investigate this hypothesis
and characterize the contact and mobility networks underlying
geographic dispersal of LAM4/KZN.
Pathogen-specific factors that contribute to epidemiological

success—via enhanced transmissibility (10), adaptive recovery of
pathogen fitness (11, 12), and epistasis between drug-resistance
mutations (13)—have been studied extensively. There is strong
contextual evidence suggesting that secondary mutations in rpoB
have played an important part in the epidemiological success of
LAM4/KZN. Although LAM4/KZN causes ∼78% of all XDR-
TB cases in KwaZulu-Natal, the ancestral population from which
this strain evolved causes only 25% of multidrug-resistant TB
cases (i.e., TB resistant to 2 first-line antibiotics) in the province
(49). This MDR-TB subpopulation is characterized by a single
nonsynonymous rpoB variant at L452P, a mutation that is asso-
ciated with low-level rifampin resistance and delayed in vitro
growth (50) that may explain the relatively limited transmission
of this strain. We also note that XDR isolates carrying L452P but
lacking D435G and I1106T are rare in our sample compared
with the abundantly prevalent L452P/D435G/I1106T triple mu-
tant. We infer from Bayesian skyline analysis that the LAM4/
KZN subpopulation expanded only after acquiring 2 important
strain-specific rpoB variants (D435G and I1106T). Notably,

I1106T is located at the RNAPβ–RNAPβ′ interface, adjacent to
the site of known putative rpoC compensatory mutations.
We hypothesize that these secondary rpoB mutations likely

contributed to enhanced transmission and dispersal of KZN/
LAM4 via enhanced resistance to rifampin and recovery of
overall pathoadaptive fitness versus the L452P single mutant.
L452P confers only low-level rifampin resistance, whereas mu-
tations at position 435 (including D435Y and D435G) are as-
sociated with distinctly higher rifampin MICs (50), and in LAM4/
KZN acquisition of D435G likely augmented rifampin resistance
versus the L452P single mutant (51). Recent studies have impli-
cated changes in protein stability (52) and transcriptional efficiency
(53) as important determinants of how putative compensatory
mutations impact fitness in rifampin-resistant Mtb. Although in our
analysis D435G and I1106T only partially offset the destabilizing
effects of L452P, multiple studies suggest that the compensatory
effects of D435G may not be related exclusively to its effects on
protein stability. Importantly, in vitro studies have demonstrated
that the mutation homologous to D435G in Escherichia coli
(D516G) is associated with increased growth and enhanced tran-
scriptional efficiency versus wild type and confers compensatory
recovery of fitness in rifampin-resistant rpoB mutants (54). In ad-
dition, we have shown that D435G is among the few RRDR mu-
tations that induce changes in the distribution of charges near the
RNA binding site, a property shared by H445Y, a variant associated
with extensive, pleiotropic changes in surface lipid expression and
host macrophage programming (18). In vitro studies are needed to
characterize how D435G impacts pathogen fitness and host–path-
ogen interactions in L452P mutants. Lastly, we provide supporting
evidence for the assertion that 2 previously identified mutations,
drrA R262G and Rv1144-mmpL13a –102C>A, may be important
contributors to the epidemiological success of LAM4/KZN. Prior
work has hypothesized that drrA, a probable drug efflux pump, and
Rv1144-mmpL13a –102C>A, located in a promoter region for an
operon containing 2 transmembrane transport proteins (mmpL13a
and mmpL13b), may enhance both antibiotic resistance and trans-
port of important lipid products mediating virulence (including
phthiocerol dimycocerosate) (55). In addition, we note that other
less successful XDR-TB strains circulating in KwaZulu-Natal also
harbor putative compensatory mutations (for example, in rpoC),
underscoring how pathogen-specific factors alone may fail to fully
explain the differential success of certain drug-resistant Mtb epi-
demic clones. These findings highlight how even the pathogen-
specific mediators of epidemic success can only be properly un-
derstood as the convergence of multiple adaptive processes that
enhance the selective advantage of a given strain with respect to a
complex fitness landscape involving antibiotic selection pressure,
virulence, and a complicated array of host–pathogen interactions.
Taken together, our results underscore how field surveillance

efforts leveraging geo-located clinical isolates and phylogenetic
and population-genetic analyses of high-resolution bacterial ge-
nomic data can delineate the spatiotemporal context and the
drivers behind the rise of epidemic AMR pathogens. Two con-
clusions from our study are particularly relevant for future public
health efforts: First, highly local ecological factors (in this case,
high existing rates of drug-resistant TB and HIV coinfection in
uMkhanyakude district) can influence the evolutionary condi-
tions that promote the selection and expansion of drug-resistant
mutants, and surveillance efforts should be designed to capture
variation in these factors at the local level. Second, failure to
contain emergent AMR epidemics due to lack of early recogni-
tion and appropriate treatment, coupled with internal human
migration, can facilitate rapid, widespread geographic dispersal.
Late detection, following dispersal between geographically dis-
tant populations, can confound efforts to identify local risk fac-
tors for AMR emergence. Although multiple logistical challenges
still exist, and the efficacy and cost-effectiveness of whole-genome
sequencing for this application has yet to be established, we
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anticipate that routine integration of whole-genome sequenc-
ing into public health surveillance can enable interventions for
early detection and containment of AMR epidemics, and
thereby significantly circumscribe the potential impact of these
major threats to global public health.

Methods
Study Design and Ethical Oversight. We conducted a prospective study of all
culture-confirmed XDR-TB cases in KwaZulu-Natal between 2011 and 2014 (6);
521 patients with XDR-TB were identified during recruitment and 404 total
patients were enrolled in the study. Written informed consent was obtained
from all participants or, for deceased or severely ill participants, from the next
of kin. Participants underwent serological testing for HIV, were interviewed
regarding history of prior MDR-TB, and had the locations of their homes
mapped by GPS. Participants were considered to have had a prior episode of
MDR-TB if their most recent MDR-TB culture result was more than 3 mo before
their initial XDR-TB culture result. The study protocol was approved by the
institutional review boards of Columbia University Medical Center, Emory
University, Albert Einstein College of Medicine, and the University of KwaZulu-
Natal and by the US Centers for Disease Control and Prevention.

Genomic Characterization of Mtb Clinical Isolates. XDR-TB isolates (318) with
WGSdatameeting criteria for read depth and sequence coveragewere included
for analysis, of which 250 were LAM4/KZN (SI Appendix, Fig. S11). In addition,
we included 54 MDR-TB and 52 pan-susceptible isolates collected during con-
current cross-sectional studies in KZN (56, 57) and 8 archival LAM4/KZN isolates
collected between 1994 and 2010 (7, 27), with the goal of including drug-
susceptible, MDR, and XDR isolates for each Mtb subpopulation in KZN.
These isolates underwent whole-genome sequencing and targeted sequencing
of drug-resistance genes as described previously (SI Appendix, Methods) (6).
We used the SNP-based Mtb sublineage taxonomy described by Coll et al. (24)
to label individual isolates and sublineages in our phylogenetic analysis. Se-
quencing data for this project are available in the NCBI Sequence Read Archive
(BioProject accession no. PRJNA476470; SI Appendix, Table S4).

Phylogenetic Reconstruction and Dating of Drug-Resistance Mutations. We
used Markov chain Monte Carlo (MCMC)-based Bayesian phylogenetic in-
ference in BEAST v1.8.4 (58) to reconstruct dated phylogenetic trees and
infer the time to the most recent common ancestor for isolates carrying
drug-resistance mutations of interest. We used a strict molecular clock with
an informative prior distribution on the mutation rate and the HKY
nucleotide-substitution model (59) with among-site rate heterogeneity de-
fined by a Γ distribution. We ran each MCMC chain for at least 200 million
states with 10 to 25% burn-in (see SI Appendix, Methods for additional in-
formation). Nodes corresponding to the most recent common ancestor for
relevant drug-resistance mutations were identified via maximum-likelihood
ancestral state reconstruction in Mesquite v3.51 (60).

Bayesian Skyline Analysis and Population-Genetic Analysis. We generated
nonparametric estimates ofMtb population history by constructing Bayesian
skyline plots (BSPs) (61). Given possible confounding of BSP analyses by
population structure (62), we selected a monophyletic clade for BSP analysis
that includes only XDR LAM4/KZN sequences and closely related ancestral
strains. We ran separate analyses including and excluding nonsynonymous
SNPs to evaluate the possible effects of selection on amino acid changes on
BSP-derived estimates of prior demographic history. To improve mixing and
convergence during Bayesian skyline analysis, we analyzed a subsample of

LAM4/KZN isolates (n = 50 randomly sampled from 250 total LAM4/KZN
isolates) plus closely related MDR and drug-susceptible isolates belonging to
the same clade (n = 89). Bayesian skyline plot results were similar for this
subsample compared with the same analysis with all 250 LAM4/KZN isolates
included (SI Appendix, Fig. S12).

We compared terminal branch lengths (measured as the number of SNPs
mapped to each terminal branch) between LAM4/KZN isolates and XDR-TB
from all other Mtb subpopulations using the 2-sample Kolmogorov–Smirnov
test (10). To minimize differences in sampling variance introduced by differ-
ences in sample sizes between groups, we also applied the Kolmogorov–
Smirnov test to 10,000 equal-sized bootstrap replicates from each group
(SI Appendix, Fig. S1).

Geospatial Population-Genetic Analysis. For geospatial analysis, groups of
LAM4/KZN isolates were defined using 2 different approaches. First, we
defined groups by the 11 municipal districts of KZN, using the average lat-
itude and longitude of the participants’ places of residence within the district
to define the geographic center for each group. Second, we used Ward’s
hierarchical clustering method to cluster isolates into 15 populations based
on their geographic distance from one another. With both approaches, each
participant was represented by a single isolate. Groups with <4 sampled
isolates were dropped from further analysis, which left 9 and 10 populations
to be analyzed with these 2 approaches, respectively. All analyses were
performed using both shortest road distance and haversine great-circle
distance between the centers of each group. To test for geospatial genetic
structure, a Mantel test with 10,000 permutations was performed using
pairwise FST and geographic distance between group centers.

A serial foundermodel of range expansionwas used to infer the geospatial
origin of LAM4/KZN. This model predicts decreased genetic diversity and
increased derived allele frequency, on average, as subpopulations are
established farther from an origin population by a series of bottlenecks (63).
Nucleotide diversity (π) was calculated with the R package pegas (64) and
derived allele frequency skew (referred to as the “directionality index”; ψ)
was calculated with modified R code of the rangeExpansion package (65). To
identify the derived alleles, we used the LAM4/KZN sister clade 4.3.2 and
assigned those alleles unique to LAM4/KZN as derived and those alleles
shared with the sister clade as ancestral. To infer the origin under a serial
founder model, π and ψ measurements were regressed against geographic
distance from an origin population. Each subpopulation was tested as an
origin population, and the best origin was identified based on the most
negative correlation (for π) or positive correlation (for ψ) with geographic
distance from that origin.

Data Availability. All data discussed in the paper will be made available
to readers.
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Supplementary Methods 

Whole genome sequence data processing and variant calling. Raw paired-end reads were 
filtered for length and trimmed for quality (Trim Galore, Babraham Bioinformatics) and duplicate 
reads were removed following alignment to the H37Rv reference genome (NC_000962.3) using 
the Burrows-Wheeler Aligner,(1) similar to the pre-processing pipeline described by O’Neill et 
al.(2) All isolates included in the analysis had reads covering >99% of the reference genome and 
average read depth >15x. SNPs were identified using Samtools v0.1.19 (3), and filtered for 
quality, read consensus (>75% reads supporting the alternate allele), and proximity to indels. 
Polymorphisms in or within 50 base pairs of hypervariable PPE/PE gene families, repeat regions, 
and mobile elements were excluded, similar to prior studies using WGS from Mtb (4). Drug 
resistance-conferring mutations were identified from whole genome sequence data in conjunction 
with targeted sequencing data described above. Genome assemblies were constructed de novo 
using ABySS (5). 

Phylogenomic analysis and neutrality statistics. Although root-to-tip distance from an undated 
maximum-likelihood tree was positively correlated with increasing tip date in linear regression, 
time-scaled substitution rate estimates were not significantly different from those based on 
cluster-randomized tip dates(6) in most replicates, indicating that a strong temporal signal was 
not present in our sample (Figure S13). For this reason, we used a strict molecular clock and an 
informative prior on the mutation rate in all BEAST analyses, using the range of prior empiric 
estimates of the Mtb mutation rate derived from WGS data(7, 8) to define a normal distribution 
around 1.2E-7 (95%CI: 8.38E-8 – 1.56E-7) SNPs/site-year. To improve MCMC mixing and 
convergence, in some analyses we randomly downsampled the genetically monomorphic 
LAM4/KZN clade from 250 sequences to 50. Estimated sample sizes for all non-nuisance 
parameters in each BEAST run were > 200. We compared different population models in BEAST 
using via stepping-stone marginal likelihood estimation. We used DNASP v6(9) and the R 
package pegas to calculate neutrality statistics over the entire genome and by gene. We used a 
sublineage 2.2 isolate as the outgroup for analyses of LAM4/KZN and estimated p-values via 
coalescent simulation. We calculated Weir and Cockerham’s FST for different subpopulations of 
interest using the R package hierfstat. We tested for differences between terminal branch lengths 
by clade using both the Mann-Whitney U test (one-sided with continuity correction) and a 
permutation testing comparing the mean terminal branch length against a null distribution 
generated by randomly permuting subpopulation assignments. 

Biophysical modeling of rpoB mutations. We used Rosetta v 3.9(10) and VIPUR(11)  to 
investigate the structural and energetic impact of rpoB mutations unique to LAM4/KZN. Rosetta 
has been used previously to interpret the energetic impact of nonsynonymous mutations(11, 12) 
and is capable of modeling both protein-RNA(13) and protein-protein interactions.(14) Mtb has 
only one RNA polymerase complex (RNAP) composed of several essential proteins, including the 
β, β’, and a subunits encoded by rpoB, rpoC, and rpoA respectively. We used the Protein Data 
Bank (PBD) structure of the transcription initiation complex 5UH8(15) and removed unnecessary 
proteins (all but chain C). To assess the energetic impact of each mutation or combination of 
mutations, we ran Rosetta high resolution docking (10,000 trajectories) and quantified the 
energetic effect of each mutation on RNAP β subunit stability, RNAPβ–RNA interaction, and any 
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effect on the whole protein complex.  Electrostatic surfaces for the rpoB active site were 
assessed using APBS through the PyMOL plugin. 

To assess the energy of the protein-RNA interaction, we used Rosetta high resolution docking to 
refine the docking interface, eliminating potential artifacts or defects and providing an evaluation 
of the interaction energy in different conformations. When using Rosetta to predict structural 
models, the model with the lowest energy is usually determined to be most representative of the 
single, lowest energy structure though mutations can alter conformational sampling or the 
distribution of native-like states, which can be overlooked by focusing only on the best model. We 
use the average Rosetta energy across the 10,000 samples to represent the mutation effect.  

While some methods assessing the energetic impact of a mutation focus only on local structural 
context, we have characterized the energetic impact of each mutant by evaluating the total 
energy of the RNAP β subunit. We have previously identified that there are many “long-range” 
mutational effects that can alter the structure and energetics of a protein far from the site of 
mutation, requiring assessment of the entire protein energy.(11)  We attempted Rosetta docking 
with all nucleotide chains from 5UH8 but found that the additional constraint provided by the size 
of these chains and the lack of nucleotide-sampling in Rosetta prevented the RNAP β subunit 
from adopting diverse conformations during sampling. To focus on the interaction of the RNAP β 
subunit and RNA, we truncated the nascent RNA and template strand DNA to 10 nucleotides in 
the active site. We explored numerous Rosetta scoring schemes to account for possible RNA-
protein molecular interactions and used the recently developed rna res level energy7beta energy 
function. This energy function is tuned to account for protein energetics while better accounting 
for electrostatics (from the nucleotide backbone) and delocalized p-orbital ring electrons, allowing 
for potential interaction between amino acid side-chains and the nucleotide bases. In Rosetta 
docking, the energies of the individual molecules and the total complex can be calculated. By 
removing the nucleotide chains from their docked positions and re-evaluating the Rosetta energy, 
we can calculate the apparent energy of interaction (the difference between the individual 
energies of the macromolecules). For each trajectory in the docking simulation we have a value 
for the total energy and the nucleotide-protein interaction. 

Spatial clustering of rpoC compensatory mutations. We evaluated the spatial clustering of 
eight rpoC compensatory mutations using the recently developed K(t) distance metric.(16) The 
K(t) is measured as the fraction of mutations within a specified distance (t) and is compared to 
permutations of randomly selected positions in the same structure. We calculated K(t) using the 
alpha carbon coordinates for each residue in the protein and compared the eight compensatory 
mutations to 10,000 random permutations of size eight. 
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Fig. S1. Terminal branch length comparison for LAM4/KZN isolates versus non-LAM4/KZN 
isolates. Top panel: Distribution of p-values for Kolmogorov-Smirnov two-sample testing for 
10,000 replicates comparing equal-sized samples from LAM4/KZN and non-LAM4/KZN isolates. 
Each replicate compares n=70 randomly selected isolates from each group, sampled with 
replacement. The red line displays the cumulative density of p-values, i.e. the proportion of all p-
values that are smaller than the value given on the x-axis. All p-values in the distribution are < 
0.005. The proportion of p-values smaller than 5E-6 (i.e. Bonferroni-corrected value for 10,000 
tests) is labeled in black. Bottom panel: Observed (blue) and null (grey) distributions of the 
Kolmogorov-Smirnov test statistic (D), with 10,000 permutations in each distribution. The 
observed distribution is sampled as described for the two-sample test in the top panel. The null 
distribution was generated by taking 10,000 two-sided samples, each with 70 isolates, in which 
group labels (LAM4/KZN vs non-LAM4/KZN) are randomized across the two samples, and 
calculating D. The observed and null distributions are completely non-overlapping. 
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Fig. S2. Bayesian phylogenetic reconstruction for LAM4/KZN and closely related 4.3.2 isolates 
with estimated TMRCA for key drug resistance mutations. 95%HPD intervals for each TMRCA 
are indicated on corresponding nodes as violin plots. Estimated TMRCA (and 95%HPD intervals) 
for isolates carrying each mutation or set of mutations are: katG S315T, 1961 (1947-1970); rpoB 
L452P/pncA 1bp insertion/embB M306V/inhA promoter -8, 1983 (1975-1989); gyrA A90V/rrs 
a1401g/rpoB D435G/rpoB I1106T, 1993 (1988-1997). 
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Fig. S3. Bayesian phylogenetic reconstruction for 318 XDR-TB isolates from KwaZulu-Natal, 
annotated with non-synonymous rpoB and rpoC mutations, plus ddrA, Rv1144-mmpL13a 
intergenic, and Rv2000 mutations associated with XDR-TB phenotypes. Clades are colored by 
Mtb phylogeographic lineage (turquoise: LAM4/KZN/4.3.3; orange: non-LAM4/KZN lineage 4; red: 
lineage 2) and annotated using SNP-based sublineage classification per Coll et al.(17) 
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Fig. S4. rpoB mutations unique to LAM4/KZN occur within the RNAPb and the RNAPb-RNAPb’ 
interface. (A) All three of the mutations unique to LAM4/KZN (red) occur at important functional 
sites of RNAPb.  (B) RNAPβ L452P, corresponding to the first rpoB mutation acquired by 
LAM4/KZN, occurs adjacent to the protein active site in the so-called rifampin resistance-
determining region, where it markedly reduces the stability of the protein (Rosetta change relative 
energy units, DREU = +236, Table S5). Other rpoB mutations associated with decreased fitness in 
competitive growth assays(18) have similar destabilizing effects (Table S6). RNA docking 
analysis indicates that L452P still maintains favorable interaction with RNA that is nearly identical 
to wildtype. D435G, which we estimate was acquired approximately ten years after L452P, has a 
modest stabilizing effect on RNAPβ, partially mitigating the destabilization of RNAPβ L452P (DREU 
= -6, relative to L452P single mutant). This stabilizing effect appears to result from reduced 
electric repulsion with the negatively charged nucleic acid backbone with the introduction of 
glycine at position 435 and may also restore flexibility to the region around the active site 
enhancing transcriptional efficiency.(19) (C) The third mutation, I1106T is far from the active site 
but occurs within the RNAPb-RNAPb’ binding interface. This amino acid makes a specific contact 
(red and gray side-chains) to RNAPb’ and is spatially close to positions that are known to harbor 
compensatory mutations in RNAPb’ (Fig. S6) suggesting I1106T also favorably alters the RNAPb-
RNAPb’ interaction. 
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Fig. S5. APBS-derived electrostatic surfaces for charge-neutral (A, green circles) and charge-
altering (B, yellow circles) mutations versus wildtype in the RNAPb RNA active site.  Positively 
charged regions are colored blue and negatively charged regions are colored red. D435G alters 
the distribution of charges in the active site both in isolation and in the presence of L452P (C), 
similar to prior observations on mutations at this site,(20) which may have an impact on activity or 
transcriptional targets. 
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Fig. S6. I1106T is located near spatially clustered sites of compensatory mutations in rpoC. (A) 
Distances between eight compensatory mutations (red line) in rpoC are significantly closer 
together than random sets of the same size (black line). This median line (black) is derived from 
10,000 random permutations. The area between this K(t) curve and the median curve is much 
higher than expected for random positions indicating these compensatory mutations in rpoC are 
clustered in space (p-value: 2.9E-4). (B) Many positions in rpoB are relatively close to the 
geometric center of the compensatory mutations in rpoB. The black dashed line is the 
approximate boundary of the mutation cluster and overlaps with many positions in rpoB. I1106T is 
very close to this cluster center and is within the 95th percentile (97.9%). (C) I1106T occurs along 
the RNAPb-RNAPb’ protein binding interface.  Although RNAPb variants in this location are 
unique to LAM4/KZN, at least six putative compensatory mutations (grey spheres) have been 
identified in the adjacent region of RNAPb’. 
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Fig. S7. Population genetic signatures of geographic range expansion from a common origin for 
LAM4/KZN isolates, using isolates geographically grouped by hierarchical clustering and 
haversine great-circle distances. (A) Pairwise FST vs geographic distance between isolates 
grouped by hierarchical clustering. (B and C) Linear regression of nucleotide diversity (p) or the 
directionality index (y) vs distance from uMkhanyakude district. (D) Average pairwise FST 
estimates for geographic clusters, with kriging interpolation between sampling points; red color 
indicates greater differentiation. (E and F) Spatial distribution of the correlations in B and C, with 
kriging interpolation between sampling points; red color indicates better evidence of origin. The 
location of Tugela Ferry is indicated with a star. 
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Fig. S8. (A) Principal component analysis and (B) pairwise FST values for LAM4/KZN 
subpopulations by district in KwaZulu-Natal. The lower triangular matrix in (B) shows pairwise FST 
values and upper triangular matrix shows p-values for corresponding FST values. p-values ≤ 
0.005 are highlighted in bold text. Districts are abbreviated as follows: eThekwini (ET), iLembe 
(IL), Ugu (UG), uThukela (UL), uThungulu (UT), uMgungundlovu (UV), uMkhanyakude (UY), 
uMzinyathi (UZ), and Zululand (ZU). 
  

ET IL UG UL UT UV UY UZ ZU
ET 0.472 0.033 0.164 0.017 0.414 0.004 0.047 0.002
IL -0.008 0.19 0.223 0.179 0.409 0.289 0.288 0.628
UG 0.081 0.016 0.021 0.022 0.045 0.005 0.059 0.078
UL 0.02 0.018 0.08 0.129 0.173 0.001 0.279 0.104
UT 0.09 0.017 0.071 0.024 0.622 0.003 0.504 0.572
UV -0.001 -0.002 0.056 0.017 -0.006 0.009 0.708 0.614
UY 0.174 0.011 0.119 0.126 0.123 0.106 0.007 0.055
UZ 0.079 0.005 0.057 0.004 -0.003 -0.008 0.117 0.519
ZU 0.138 -0.014 0.034 0.033 -0.007 -0.008 0.059 -0.006

−0.1

0.0

0.1

−0.1 0.0 0.1 0.2
PC1(50.52% of variation explained)

P
C

2 
(2

8.
89

%
 o

f v
ar

ia
tio

n 
ex

pl
ai

ne
d)

ET

UG

UY

UL

ZU
IL

UT
UZ

UV

A B



 
 

12 
 

 

Fig. S9. Population genetic signatures of geographic range expansion from a common origin for 
LAM4/KZN isolates, using isolates geographically grouped by hierarchical clustering and shortest 
road distances. (A) Pairwise FST vs shortest road distance between isolates grouped by 
hierarchical clustering. (B and C) Linear regression of nucleotide diversity (p) or the directionality 
index (y) vs distance from uMkhanyakude district. (D) Average pairwise FST estimates for 
geographic clusters, with kriging interpolation between sampling points; red color indicates 
greater differentiation. (E and F) Spatial distribution of the correlations in B and C, with kriging 
interpolation between sampling points; red color indicates better evidence of origin. 
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Fig. S10. Nucleotide diversity vs sample size (A) and log population density (B) for isolates 
grouped by district. Nucleotide diversity for isolates groups are not correlated with either sample 
size (r=-0.27, P=0.485) or log-transformed population density (r=-0.13, P=0.739). 
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Fig. S11. Count and count per 10,000 population for LAM4/KZN XDR-TB isolates by district and 
by year. (A) Complete set of 250 isolates, (B) Down-sampled set of 50 isolates used in some 
analyses. 
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Figure S12. Bayesian skyline analysis for sequence alignment including all LAM4/KZN isolates 
(blue) and sequence alignment sampled to include only 50 LAM4/KZN isolates (red). Solid lines 
represent median values and dashed lines represent boundaries of the 95%HPD interval. 
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Fig. S13. Testing for temporal signal in tip-dated phylogenies. (A) Regression on root-to-tip 
distance versus tip date with p-value for r estimated with 10,000 tip date-randomized data sets. 
(B) Substitution rate estimated via Bayesian phylogenomic analysis for sequence data with true 
tip dates (black circle) vs cluster-randomized tip dates (gray). Two data sets with randomized tip 
dates yielded 95%HPD intervals (whiskers) that overlap with the estimated median value 
obtained from sequence data with true tip dates, indicating that only weak temporal signal is 
present in the available data. 
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Table S1. Comparison between population models in BEAST. MCMC chains were run with 
250,000,000 states and 25% burn-in. Log marginal likelihoods (Log ML) estimated via stepping-
stone sampling minimally favor the Bayesian Skyline model and logistic growth over constant 
population size and exponential growth, but the Bayes factors for these comparisons do not 
indicate significant differences in marginal likelihood between models. 

 

  Population model 
   Constant Exponential Logistic Bayesian Skyline 
ESS (likelihood) 2116 1036 929 1010 
  Mean 1.120E-7 1.300E-7 1.031E-7 1.128E-7 
Mutation  
rate 95%HPD (8.96E-8, 1.49E-7) (9.87E-8, 1.61E-7) (7.26E-8, 1.35E-7) (8.35E-8, 1.41E-7) 

  ESS 8053 8265 6487 6520 
  Mean 1878 1907 1864 1873 
Root age 95%HPD (1837,1915) (1877, 1935) (1810,1912) (1831, 1913) 
  ESS 8872 8429 7470 6845 

Log ML   -5951904 -5951884 -5951836 -5951841 
Growth  
rate Range  (0.0256, 0.0941)   
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Table S2. Genome-wide values for site frequency spectrum-based neutrality statistics. OG: 
outgroup. R2: Ramos-Onsins and Rozas R2, D: Tajima’s D, H: Fay and Wu’s H, E: Zheng’s E, PD-

H: p-value of the D-H test. P-values are based on 50,000 coalescent simulations of neutral 
evolution. Significant negative values for Tajima’s D indicate a relative abundance of low-
frequency alleles, which can result from multiple processes including a selective sweep and 
population expansion following a bottleneck. Fay and Wu’s H, which compares high- and 
intermediate-frequency alleles, is expected to be less influenced by population expansion and 
thus more sensitive for the detection of selection. The D-H test, which jointly evaluates D and H, 
was developed with goal of detecting selection, and is predicted to be most sensitive for detection 
of selective sweeps on advantageous alleles prior to fixation (21).  Zheng’s E, which contrasts 
low- and high-frequency alleles, is expected to be more sensitive to population expansion than 
selection, and R2 is a highly sensitive test for population expansion. Despite the predicted 
behavior of these statistics, all of them are sensitive to both demographics and selection to 
different degrees (22, 23). H and E employ an outgroup to determine the mean number of 
mutations since a most recent common ancestor, and the behavior of these statistics can be 
strongly influenced by outgroup selection (24). Results across different outgroups show 
significant departure from neutrality, such that the null hypothesis of an equilibrium population of 
constant population size can be rejected. Using an isolate from a sister clade (4.3.2) as the 
outgroup, where more sites are expected to be counted as derived alleles accrued since the 
(more distant) recent common ancestor, yields neutrality statistics most consistent with positive 
selection rather than population expansion. Similar results are obtained with a more distant 
outgroup (2.2.1). With a more phylogenetically proximate outgroup (a pan-susceptible LAM4/KZN 
isolate ancestral to the XDR LAM4/KZN clade), H is non-significant, the D-H test is non-
significant, E is significantly negative, indicating that population expansion, rather than selection, 
is the primary process influencing the site frequency-spectrum over this more recent time period 
(i.e. since divergence from more recent common ancestor). 

 

OG D H PD-H E R2 

4.3.3 -2.6281 (<0.00001) -0.7026 (0.1561) 0.0712 -1.7846 (0.0057) 0.0322 (0.0003) 
4.3.2 -2.751 (<0.00001) -5.7400 (0.00002) <0.00001 2.6176 (0.9970) 0.0322 (0.0003) 
2.2.1 -2.751 (<0.00001) -3.332 (0.00632) 0.0027 0.459 (0.7610) 0.0322 (0.0003) 
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Table S3. Genetic differentiation between XDR LAM4/KZN isolates collected during different 
years. The lower triangular matrix shows pairwise FST values and upper triangular matrix shows 
corresponding p-values. The lowest p-value (0.027, for the comparison between 2011 and 2013) 
is non-significant after Bonferroni-correction for multiple testing. 
 

 2011 2012 2013 2014 
2011  0.316 0.027 0.098 
2012 0.0020  0.598 0.869 
2013 0.0854 -0.0086  0.127 
2014 0.0670 -0.0479 0.0575  
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Table S4. Collection date (year-month) and NCBI BioSample number for M. tuberculosis whole 
genome sequence data used in this study (NCBI BioProject Number PRJNA476470). 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Sample ID BioSample Date Sample ID BioSample Date Sample ID BioSample Date
30569_S7 SAMN09566388 2011-05 31746_S3 SAMN09566424 2012-06 32209_S26 SAMN09566456 2013-12
30571_S9 SAMN09566389 2011-05 31747_S24 SAMN09566425 2012-06 32211_S11 SAMN09566457 2011-10
30575_S11 SAMN09566390 2011-07 31748_S6 SAMN09566426 2012-06 32212_S12 SAMN09566458 2011-10
30577_S1 SAMN09566391 2011-07 31749_S7 SAMN09566427 2012-05 32213_S13 SAMN09566459 2011-10
30579_S5 SAMN09566392 2011-08 31750_S26 SAMN09566428 2012-05 32214_S10 SAMN09566460 2013-01
30584_S9 SAMN09566393 2011-09 31751_S28 SAMN09566429 2013-6 32215_S27 SAMN09566461 2012-09
30585_S13 SAMN09566394 2011-08 31752_S32 SAMN09566430 2012-06 32216_S28 SAMN09566462 2013-12
30643_S17 SAMN09566395 2011-09 31753_S1 SAMN09566431 2012-02 32218_S14 SAMN09566463 2012-10
30644_S21 SAMN09566396 2011-07 31754_S5 SAMN09566432 2012-07 32219_S15 SAMN09566464 2012-10
30646_S29 SAMN09566397 2011-11 31755_S9 SAMN09566433 2012-02 32220_S16 SAMN09566465 2012-12
30647_S20 SAMN09566398 2011-10 31756_S13 SAMN09566434 2012-02 32221_S17 SAMN09566466 2012-07
30648_S2 SAMN09566399 2011-11 31757_S17 SAMN09566435 2012-07 32222_S14 SAMN09566467 2012-10
30994_S14 SAMN09566400 2011-05 31758_S4 SAMN09566436 2011-11 32223_S18 SAMN09566468 2012-12
30997_S18 SAMN09566403 2012-01 31759_S21 SAMN09566437 2012-04 32224_S19 SAMN09566469 2012-11
31002_S16 SAMN09566405 2011-10 31760_S25 SAMN09566438 2012-07 32225_S20 SAMN09566470 2013-01
31006_S30 SAMN09566406 2012-01 31761_S29 SAMN09566439 2012-07 32226_S21 SAMN09566471 2012-12
31007_S18 SAMN09566407 2012-02 31766_S27 SAMN09566440 2012-03 32227_S22 SAMN09566472 2012-12
31008_S23 SAMN09566408 2012-02 31767_S28 SAMN09566441 2012-08 32228_S24 SAMN09566473 2012-11
31010_S7 SAMN09566409 2012-12 31771_S5 SAMN09566442 2013-6 32229_S23 SAMN09566474 2012-08
31012_S19 SAMN09566410 2012-12 31772_S29 SAMN09566443 2012-07 32230_S29 SAMN09566475 2013-02
31015_S20 SAMN09566411 2012-02 31776_S6 SAMN09566444 2013-6 32231_S30 SAMN09566476 2013-01
31023_S22 SAMN09566413 2012-04 31778_S7 SAMN09566445 2012-09 32234_S31 SAMN09566477 2013-12
31141_S27 SAMN09566414 2011-08 32060_S8 SAMN09566446 2012-08 32235_S25 SAMN09566478 2012-04
31471_S12 SAMN09566415 2012-11 32061_S9 SAMN09566447 2012-12 32236_S30 SAMN09566479 2013-01
31737_S1 SAMN09566416 2012-05 32062_S10 SAMN09566448 2012-12 32237_S27 SAMN09566480 2013-02
31738_S16 SAMN09566417 2012-05 32063_S11 SAMN09566449 2013-01 32238_S28 SAMN09566481 2013-12
31739_S1 SAMN09566418 2012-03 32064_S12 SAMN09566450 2012-10 32240_S18 SAMN09566482 2012-07
31740_S2 SAMN09566419 2012-05 32065_S13 SAMN09566451 2012-10 32242_S1 SAMN09566483 2013-03
31741_S2 SAMN09566420 2012-04 32204_S8 SAMN09566452 2011-04 32243_S29 SAMN09566484 2012-10
31742_S3 SAMN09566421 2012-05 32205_S9 SAMN09566453 2011-06 32244_S30 SAMN09566485 2013-01
31743_S4 SAMN09566422 2012-04 32207_S6 SAMN09566454 2011-10 32245_S2 SAMN09566486 2013-01
31745_S20 SAMN09566423 2012-05 32208_S10 SAMN09566455 2011-11 32247_S31 SAMN09566488 2012-09
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Table S4 (continued) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Sample ID BioSample Date Sample ID BioSample Date Sample ID BioSample Date
32248_S32 SAMN09566489 2013-03 32834_S18 SAMN09566521 2013-05 32871_S23 SAMN09566553 2013-11
32276_S31 SAMN09566490 2013-03 32835_S19 SAMN09566522 2013-05 33050_S24 SAMN09566554 2014-8
32277_S3 SAMN09566491 2012-09 32837_S21 SAMN09566523 2012-10 33051_S25 SAMN09566555 2012-01
32278_S22 SAMN09566492 2013-03 32840_S24 SAMN09566524 2013-09 33052_S26 SAMN09566556 2011-07
32279_S4 SAMN09566493 2012-12 32841_S25 SAMN09566525 2012-11 33053_S27 SAMN09566557 2012-04
32281_S26 SAMN09566494 2013-01 32843_S27 SAMN09566526 2013-09 33054_S28 SAMN09566558 2012-04
32283_S30 SAMN09566495 2013-12 32844_S28 SAMN09566527 2013-11 33055_S29 SAMN09566559 2012-10
32284_S3 SAMN09566496 2012-12 32845_S29 SAMN09566528 2013-10 33057_S30 SAMN09566560 2013-11
32285_S7 SAMN09566497 2012-08 32846_S30 SAMN09566529 2013-10 33058_S31 SAMN09566561 2013-11
32286_S11 SAMN09566498 2013-04 32847_S31 SAMN09566530 2013-11 33059_S32 SAMN09566562 2013-08
32287_S5 SAMN09566499 2013-06 32848_S1 SAMN09566531 2013-08 33060_S11 SAMN09566563 2014-02
32288_S15 SAMN09566500 2013-05 32849_S32 SAMN09566532 2013-11 33061_S12 SAMN09566564 2014-01
32289_S6 SAMN09566501 2011-09 32850_S2 SAMN09566533 2013-11 33062_S13 SAMN09566565 2013-09
32290_S19 SAMN09566502 2011-11 32851_S3 SAMN09566534 2014-6 33063_S14 SAMN09566566 2013-08
32291_S7 SAMN09566503 2012-05 32852_S4 SAMN09566535 2013-10 33064_S15 SAMN09566567 2013-08
32292_S8 SAMN09566504 2013-12 32853_S5 SAMN09566536 2013-10 33066_S16 SAMN09566568 2013-11
32294_S27 SAMN09566505 2013-12 32854_S6 SAMN09566537 2013-12 33067_S17 SAMN09566569 2014-02
32295_S31 SAMN09566506 2013-06 32856_S8 SAMN09566538 2013-11 33068_S18 SAMN09566570 2013-08
32296_S4 SAMN09566507 2013-05 32857_S9 SAMN09566539 2014-01 33069_S19 SAMN09566571 2014-01
32298_S12 SAMN09566508 2013-06 32858_S10 SAMN09566540 2014-6 33070_S20 SAMN09566572 2013-12
32299_S16 SAMN09566509 2013-03 32859_S11 SAMN09566541 2013-08 33071_S21 SAMN09566573 2014-02
32301_S10 SAMN09566510 2012-10 32860_S12 SAMN09566542 2013-07 33072_S22 SAMN09566574 2014-02
32302_S20 SAMN09566511 2013-06 32861_S13 SAMN09566543 2013-11 33073_S23 SAMN09566575 2014-02
32303_S24 SAMN09566512 2013-05 32862_S14 SAMN09566544 2013-10 33075_S24 SAMN09566576 2013-11
32304_S28 SAMN09566513 2013-05 32863_S15 SAMN09566545 2013-12 33076_S25 SAMN09566577 2014-02
32305_S32 SAMN09566514 2013-07 32864_S16 SAMN09566546 2013-09 33077_S26 SAMN09566578 2014-01
32827_S11 SAMN09566515 2012-07 32865_S17 SAMN09566547 2013-07 33078_S27 SAMN09566579 2013-08
32828_S12 SAMN09566516 2013-07 32866_S18 SAMN09566548 2013-07 33079_S28 SAMN09566580 2014-03
32829_S13 SAMN09566517 2013-06 32867_S19 SAMN09566549 2014-01 33080_S29 SAMN09566581 2014-02
32830_S14 SAMN09566518 2013-05 32868_S20 SAMN09566550 2013-12 33081_S30 SAMN09566582 2014-03
32832_S16 SAMN09566519 2013-08 32869_S21 SAMN09566551 2013-08 33082_S31 SAMN09566583 2014-02
32833_S17 SAMN09566520 2013-08 32870_S22 SAMN09566552 2013-10 33083_S1 SAMN09566584 2014-02
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Table S4 (continued) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Sample ID BioSample Date Sample ID BioSample Date Sample ID BioSample Date
33084_S2 SAMN09566585 2014-02 62014_S1 SAMN09566617 2011-05 62135_S15 SAMN09566650 2012-03
33085_S3 SAMN09566586 2014-03 62015_S28 SAMN09566618 2011-07 62136_S16 SAMN09566651 2012-02
33086_S4 SAMN09566587 2013-12 62016_S29 SAMN09566619 2011-07 62137_S17 SAMN09566652 2012-04
33087_S5 SAMN09566588 2014-02 62020_S5 SAMN09566621 2011-07 62140_S19 SAMN09566653 2012-08
33088_S6 SAMN09566589 2014-02 62021_S2 SAMN09566622 2011-07 62141_S20 SAMN09566654 2012-06
33089_S7 SAMN09566590 2014-01 62024_S6 SAMN09566623 2011-06 62142_S12 SAMN09566655 2012-07
33090_S8 SAMN09566591 2014-03 62025_S22 SAMN09566624 2011-08 62147_S21 SAMN09566656 2012-12
33091_S9 SAMN09566592 2014-03 62026_S8 SAMN09566625 2011-08 62149_S22 SAMN09566657 2012-07
33092_S10 SAMN09566593 2014-03 62029_S23 SAMN09566626 2011-07 62152_S23 SAMN09566658 2012-10
33093_S3 SAMN09566594 2014-03 62031_S10 SAMN09566627 2011-09 62154_S14 SAMN09566659 2012-10
33094_S4 SAMN09566595 2014-02 62032_S24 SAMN09566628 2011-09 62155_S24 SAMN09566660 2012-10
33095_S6 SAMN09566596 2014-8 62033_S11 SAMN09566629 2011-08 62156_S15 SAMN09566661 2012-10
33096_S5 SAMN09566597 2014-04 62034_S25 SAMN09566630 2011-10 62158_S25 SAMN09566662 2012-10
33098_S8 SAMN09566598 2014-03 62037_S12 SAMN09566631 2011-11 62159_S26 SAMN09566663 2012-10
33100_S10 SAMN09566599 2014-04 62049_S31 SAMN09566632 2011-07 62164_S4 SAMN09566664 2012-09
33101_S11 SAMN09566600 2014-04 62052_S13 SAMN09566633 2011-11 62184_S32 SAMN09566665 2012-11
33102_S12 SAMN09566601 2014-04 62059_S13 SAMN09566634 2011-10 62191_S16 SAMN09566666 2012-11
33103_S13 SAMN09566602 2014-03 62071_S30 SAMN09566635 2011-11 62211_S27 SAMN09566667 2013-04
33104_S14 SAMN09566603 2014-04 62072_S31 SAMN09566636 2012-02 62214_S28 SAMN09566668 2013-02
33105_S15 SAMN09566604 2014-04 62074_S29 SAMN09566637 2011-11 T11_S11 SAMN09566669 2012-10
33106_S16 SAMN09566605 2014-03 62084_S1 SAMN09566638 2011-08 T18_S17 SAMN09566670 2013-09
33107_S11 SAMN09566606 2014-03 62092_S2 SAMN09566639 2012-01 T19_S18 SAMN09566671 2014-02
33108_S12 SAMN09566607 2014-04 62095_S4 SAMN09566640 2012-01 T20_S19 SAMN09566672 2014-02
33109_S13 SAMN09566608 2014-04 62096_S5 SAMN09566641 2012-03 T21_S20 SAMN09566673 2011-08
33110_S14 SAMN09566609 2014-04 62097_S6 SAMN09566642 2012-03 T22_S21 SAMN09566674 2011-10
33111_S15 SAMN09566610 2014-05 62098_S7 SAMN09566643 2012-05 T23_S22 SAMN09566675 2012-09
33112_S16 SAMN09566611 2014-05 62101_S8 SAMN09566644 2011-12 T24_S23 SAMN09566676 2012-09
33113_S17 SAMN09566612 2014-05 62102_S30 SAMN09566645 2012-04 T25_S24 SAMN09566677 2014-04
33114_S18 SAMN09566613 2014-05 62105_S10 SAMN09566646 2012-04 T26_S25 SAMN09566678 2013-09
62001_S17 SAMN09566614 2011-02 62106_S7 SAMN09566647 2012-05 T27_S26 SAMN09566679 2014-04
62009_S27 SAMN09566615 2011-03 62107_S11 SAMN09566648 2012-03 T28_S27 SAMN09566680 2013-10
62010_S9 SAMN09566616 2011-03 62134_S14 SAMN09566649 2012-02 T29_S28 SAMN09566681 2014-05
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Table S4 (continued) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Sample ID BioSample Date Sample ID BioSample Date
T30_S29 SAMN09566682 2013-08 T67_S2 SAMN09566716 2014-06
T31_S30 SAMN09566683 2014-04 T69_S4 SAMN09566718 2014-06
T32_S31 SAMN09566684 2014-05 T70_S5 SAMN09566719 2013-12
T33_S32 SAMN09566685 2014-05 T71_S6 SAMN09566720 2014-06
T34_S1 SAMN09566686 2013-12 T72_S7 SAMN09566721 2014-08
T35_S2 SAMN09566687 2014-06 T74_S9 SAMN09566723 2014-05
T38_S5 SAMN09566688 2014-06 T76_S11 SAMN09566725 2014-07
T39_S6 SAMN09566689 2014-04 T77_S12 SAMN09566726 2014-07
T40_S7 SAMN09566690 2014-06 T80_S15 SAMN09566728 2014-07
T41_S8 SAMN09566691 2014-03 T81_S16 SAMN09566729 2014-07
T42_S9 SAMN09566692 2014-06 T82_S17 SAMN09566730 2014-08
T44_S11 SAMN09566694 2014-05 T83_S18 SAMN09566731 2014-08
T45_S12 SAMN09566695 2014-05
T46_S13 SAMN09566696 2014-01
T47_S14 SAMN09566697 2014-06
T48_S15 SAMN09566698 2014-02
T49_S16 SAMN09566699 2014-07
T51_S18 SAMN09566700 2014-06
T52_S19 SAMN09566701 2014-06
T53_S20 SAMN09566702 2014-06
T55_S22 SAMN09566704 2014-05
T56_S23 SAMN09566705 2014-07
T57_S24 SAMN09566706 2014-07
T58_S25 SAMN09566707 2014-05
T59_S26 SAMN09566708 2014-08
T60_S27 SAMN09566709 2014-07
T61_S28 SAMN09566710 2014-07
T62_S29 SAMN09566711 2014-07
T63_S30 SAMN09566712 2014-07
T64_S31 SAMN09566713 2014-07
T65_S32 SAMN09566714 2014-07
T66_S1 SAMN09566715 2014-02
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Table S5. Rosetta energy value changes for successive rpoB mutations. The structural and 
energetic impact of each mutation was considered by analyzing successive mutations for their 
overall effect on stability (stability column), the favorability of RNA interaction (RNA binding 
column), and the favorability of interaction with RNAPb’ (RNAPb’ binding column). Energy values 
were measured using Rosetta (3.9) as the difference between the mutant and the previous 
sequence (initially the difference of L452P from wildtype) and are displayed as relative energy 
units above. Both L452P and D435G are known to be associated with rifampin resistance. 
 

Variant Stability RNA binding 
L452P 235.78 ± 0.099 0.019 ± 0.011 
L452P, D435G -6.66 ± 0.099 -0.0079 ± 0.010 
L452P, D435G, I1106T 1.45 ± 0.099 0.015 ± 0.010 
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Table S6. VIPUR and Rosetta analysis of single rpoB mutations. VIPUR pipeline predictions for 
the effect of the LAM4/KZN mutations and nine other drug resistance mutations described in 
Gagneux et al (18) are shown. VIPUR scores greater 0.5 are predicted to disrupt or alter protein 
function. Values in the Ess column represent the difference between structure-based and 
conservation-based features in VIPUR. High (> 0.2) Ess scores indicate mutations that are more 
conserved than can be explained by their structural disruption, suggesting they may act by 
altering specific functions or occur at important functional sites. rpoB mutations known to rifampin 
drug resistance consistently obtain VIPUR deleterious scores (>0.5). More destabilizing drug 
resistance mutations (those with the highest VIPUR scores, including H445P, S441L, and 
S450W) appear to generally destabilize protein folding, while other less destabilizing mutations 
disrupt specific side-chain interactions. The Altered Electrostatics column indicates whether each 
mutation alters the charge distribution within the rpoB active site. 
 

 VIPUR Rosetta  
Variant Score  Ess Stability RNA binding Altered Electrostatics 
L452P 0.387 -0.126 235.78 ± 0.099 0.019 ± 0.011 no 
D435G 0.843 0.049 -6.56 ± 0.099 0.027 ± 0.011 yes 
I1106T 0.314 0.013 1.40 ± 0.099 -0.015 ± 0.010 no 
H445P 0.955 0.17 219.50 ± 0.10 -0.031 ± 0.010 yes 
S441L 0.898 -0.019 363.42 ± 0.10 -0.029 ± 0.010 no 
S450W 0.882 -0.002 744.39 ± 0.099 0.0077 ± 0.011 no 
Q432L 0.865 0.213 5.84 ± 0.099 -0.0055 ± 0.010 no 
H445R 0.756 0.184 88.20 ± 0.10 -0.066 ± 0.010 no 
H445Y 0.739 -0.025 173.029 ± 0.098 -0.053 ± 0.0097 yes 
H445D 0.661 0.282 -6.13 ± 0.10 0.013 ± 0.010 yes 
S450L 0.626 0.071 63.64 ± 0.099 -0.0036 ± 0.011 no 
R448Q 0.599 0.292 3.01 ± 0.098 0.35 ± 0.010 yes 
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