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Growth rate and metabolic state of bacteria have been sepa-
rately shown to affect antibiotic efficacy1–3. However, the two 
are interrelated as bacterial growth inherently imposes a 
metabolic burden4; thus, determining individual contributions 
from each is challenging5,6. Indeed, faster growth is often cor-
related with increased antibiotic efficacy7,8; however, the con-
current role of metabolism in that relationship has not been 
well characterized. As a result, a clear understanding of the 
interdependence between growth and metabolism, and their 
implications for antibiotic efficacy, are lacking9. Here, we mea-
sured growth and metabolism in parallel across a broad range 
of coupled and uncoupled conditions to determine their rela-
tive contribution to antibiotic lethality. We show that when 
growth and metabolism are uncoupled, antibiotic lethality uni-
formly depends on the bacterial metabolic state at the time of 
treatment, rather than growth rate. We further reveal a critical 
metabolic threshold below which antibiotic lethality is negli-
gible. These findings were general for a wide range of condi-
tions, including nine representative bactericidal drugs and a 
diverse range of Gram-positive and Gram-negative species 
(Escherichia coli, Acinetobacter baumannii and Staphylococcus 
aureus). This study provides a cohesive metabolic-dependent 
basis for antibiotic-mediated cell death, with implications for 
current treatment strategies and future drug development.

To investigate the extent to which growth and metabolism each 
contribute to antibiotic lethality, we first sought to establish con-
ditions under which the two readily exhibit coupling and uncou-
pling. Metabolic coupling typically refers to scenarios in which both 
growth and metabolism are nutrient-limited; by contrast, metabolic 
uncoupling occurs when only growth is nutrient-limited, despite an 
excess of available energy10,11. Consistent with literature, we refer to 
any conditions under which growth and metabolism are positively 
correlated with nutrient availability as coupled, whereas uncoupled 
describes any conditions under which growth is correlated with 
nutrient availability but metabolism is not (Fig. 1a).

Growth and metabolism become increasingly uncoupled as the 
utilization efficiency of resources declines12,13. As this efficiency 
depends on the ratio and abundance of carbon and nitrogen nutri-
ent composition14,15, we reasoned that varying these concentrations 
would facilitate tunable coupling and uncoupling. We focused on glu-
cose as the carbon source because it is inefficiently metabolized at 

high concentrations16; we chose amino acids as the nitrogen source 
as amino acid biosynthesis accounts for a substantial fraction of the 
cell’s energy budget17,18 and therefore represents a straightforward way 
to implement nutrient limitation (Supplementary Text). Intuitively, 
the high energetic burden of amino acid biosynthesis is alleviated 
by exogenous amino acid supplementation11. Thus, excess glucose 
enables more efficient allocation of glucose-derived ATP towards bio-
mass instead of amino acid production, which—in turn—increases 
growth without significantly altering cellular respiration18,19.

To test whether this approach would be feasible, we applied flux 
balance analysis (FBA) to a genome-scale model of E. coli metabo-
lism20 and simulated the effects of different combinations of glucose 
and casamino acid (CAA) concentrations on the rates of growth and 
ATP production. We chose ATP as the metabolic reporter because 
ATP is the primary energy source for nearly all biological pro-
cesses21, is commonly used for estimates of metabolic uncoupling22 
and because reduced ATP levels have been associated with dimin-
ished antibiotic efficacy and persister cell formation23. Indeed, FBA 
predicted uncoupling between ATP synthesis and growth rate for 
sufficiently high concentrations of glucose (at least the half-maxi-
mum inhibitory concentration (IC50)) for a range of CAA concen-
trations (Supplementary Fig. 1a,b, Supplementary Tables 1 and 2).

To verify this experimentally, E. coli cells that were grown over-
night were first sub-cultured in MOPS minimal medium for 2 h. 
Before the exponential phase, cells were condensed 2× (optical den-
sity at 600 nm (OD600) ≈ 0.15) in 25% MOPS:PBS and supplemented 
with different combinations of glucose (0%, 0.004%, 0.04% and 
0.4%) and CAA (0%, 0.001%, 0.0025%, 0.01%, 0.025% and 0.1%). 
Bacteria did not enter, nor remain in, exponential-phase growth at 
the same times under all of the conditions (Supplementary Fig. 1c); 
thus, measurements at 25 °C, 30 °C, 33 °C and 37 °C were performed 
to ensure a wide range of overlapping growth rates, growth phases 
and cell densities. Diluted MOPS was used to minimize background 
nitrogen content, which maximized the effect of CAA on growth 
and metabolism; this dilution did not affect growth in the absence 
of CAA under these conditions (Supplementary Fig. 2a).

Growth rates were determined at an early time when the OD600  
was linearly correlated with colony-forming units (CFU; Supple-

mentary Fig. 2b), defined as μ ¼ log ODt0þ1ð Þ�log ODt0�1ð Þ
Δt

I
 (where Δt = 2).  

Therefore, t0 corresponds to 2 h after nutrient supplementation 
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Fig. 1 | uncoupling growth from metabolism a, Coupled and uncoupled growth and metabolism. Coupled growth and metabolism is defined as any 
condition in which both are correlated with increasing nutrient (yellow). Uncoupled refers to scenarios in which growth is correlated with increasing 
nutrient but metabolism is not (blue). b, Experimental schematic showing illustrative growth curves with increasing levels of nutrient (light to dark grey). 
The addition of glucose and/or CAA is indicated in green. The red dots indicate the time at which antibiotics are added and metabolism measurements 
are obtained. The blue tangent lines represent estimates of growth rate that are measured in the absence of antibiotics, through a time window that spans 
the introduction of the drug. The three-dimensional axes represent the potential environmental conditions introduced at t–2. c, Modulating growth and 
metabolism. Growth rate and metabolic state (ATP/OD) are shown by the left (black) and right (red) y axes, respectively. The x axis shows the percentage 
of CAA concentration. Coupled (yellow) and uncoupled (blue) growth and metabolism are indicated. The glucose concentration is indicated in the top 
left and the temperature is indicated in the bottom right. d, NAD+/NADH correlates with ATP. Shading (light to dark) indicates increasing concentrations 
of CAA. Circle, diamond, square and triangle symbols indicate increasing levels of glucose. Data in c and d are the mean of three biological replicates, 
except at 33 °C, for which the data are the mean of two replicates; error bars that indicate s.d. are included where applicable. Dashed lines were fitted 
using a single-variable linear regression (Supplementary Table 3). e, OCr correlates with intracellular ATP, measured at 25 °C (left) and 37 °C (right) for 
0% (circles) and 0.4% (triangles) glucose. Shading (light to dark) indicates increasing concentrations of CAA. Data are mean ± s.d. of four biological 
replicates; the dashed lines are fits obtained using single-variable linear regressions. f, Slopes from c for growth rate (left, black) and ATP/OD (right, red). 
Shading (dark to light) indicates increasing temperature. Error bars represent 2 s.e. of the slope estimates (Supplementary Table 3).
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(t−2), which provides cells with sufficient time to adapt to CAA  
and glucose24 (Fig. 1b). This definition consistently captured the 
diverse growth rates across all conditions (Supplementary Fig. 2c).  
To determine the metabolic state, we quantified intracellular ATP 
using the BacTiter-Glo assay (Fig. 1c, Supplementary Fig. 3). We 
also measured the ratio of NAD+/NADH and the oxygen consump-
tion rate (OCR); both of these metrics are directly related to ATP 
synthesis25 and were indeed correlated with ATP levels (Fig. 1d,e, 
Supplementary Fig. 4a–c).

We performed linear regressions to characterize the change in 
growth or metabolism as a function of CAA concentrations, and 
mathematically defined uncoupled as cases in which the metabo-
lism slope was not statistically greater (2 s.e.) than 0 while the 
growth slope was statistically greater than 0 (Supplementary Fig. 
4d, Supplementary Table 3). We saw that growth slopes remained 
largely constant across different glucose concentrations (Fig. 1f, 
left), suggesting that growth was dependent on CAA for all con-
ditions. Conversely, metabolism slopes decreased with increasing 
levels of glucose, statistically equalling 0 when the concentration of 
glucose was ≥0.04% (Fig. 1f, right), as predicted by FBA. Together, 
these observations confirm uncoupling at sufficiently high levels of 
glucose for all temperatures.

Having jointly quantified growth and metabolism, we sought 
to examine their effects on antibiotic efficacy. We first focused 
on a subset of conditions at 37 °C; we noticed an obvious transi-
tion between coupled and uncoupled from 0.004% to 0.04% glu-
cose (Fig. 2a). We tested nine bactericidal antibiotics at 20× the 
minimum inhibitory concentration (MIC) after 3 h of treat-
ment, including three aminoglycosides (gentamicin, strep-
tomycin and kanamycin), three quinolones (ciprofloxacin, 
norfloxacin and levofloxacin), two β-lactams (ampicillin and 
carbenicillin) and one cephalosporin (cefsulodin), covering com-
mon major classes of antibiotics (Supplementary Table 4a,b).  
Assuming that growth/death is exponential (Supplementary Fig. 4e),  
the antibiotic-mediated death rate can be approximated by the 
survival ratio (log(100 × CFUTreated/CFUControl)), which corresponds 
to the log-transformed CFU of the treated culture minus the log-
transformed CFU of the untreated culture at the same time point 
(Supplementary Text and Supplementary Equation 5). Intuitively, 
this lowers the observed cell count of the survivor population 
(CFUTreated) by the maximum number of cells that could have arisen 
through growth (CFUControl). As this approximation may overesti-
mate cell death for fast-growth conditions, we can conclusively 
interpret that the antibiotic-mediated lethality rate is independent 
of the growth rate only if they exhibit either a statistically neutral or 
positive correlation.

In coupled scenarios (0.004% glucose; Fig. 2a, left), we would 
expect antibiotic lethality to increase with both increasing levels 
of ATP and growth rate. However, when metabolism is uncou-
pled from growth (for example, 0.04% glucose; Fig. 2a, right), any 
observable dependence on ATP (or growth rate) would indicate a 
metabolism-specific (or growth-specific) effect of antibiotic lethal-
ity that occurs independently of growth (or metabolism). We found 
that survival was uniformly and inversely correlated with ATP 
through a log-linear relationship for all nine bactericidal antibi-
otics at 20× MIC, regardless of coupling/uncoupling (Fig. 2b). By 
contrast, survival remained negatively correlated with growth rate 
only for coupled conditions. When uncoupled, survival became 
non-negatively correlated with growth rate (Fig. 2c, Supplementary 
Table 4c). These findings were also maintained at 2× MIC, at addi-
tional time points and with alternative sugars (Supplementary  
Figs. 4e,f and 5). Together, these results suggest that the metabolic 
state correlates with antibiotic lethality better than growth rate.

To determine generality across growth rates, we next quanti-
fied survival for all concentrations of glucose and CAA and tem-
peratures using the representative bactericidal drugs gentamicin,  
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Fig. 2 | Metabolic state correlates with antibiotic lethality for both coupled 
and uncoupled conditions a, Glucose modulates growth and metabolic 
coupling. Cells were supplemented with 0%, 0.001%, 0.0025%, 0.01%, 
0.025% or 0.1% CAA (dark to light colour) with either 0.004% (left, 
yellow) or 0.04% (right, blue) glucose at t−2 and 37 °C for 2 h. Intracellular 
ATP and growth rate showed coupling with low glucose (yellow) and 
uncoupling with high glucose (blue). The dotted grey lines indicate single-
variable linear regression fit. b, Antibiotic lethality was correlated with 
levels of intracellular ATP for all conditions. Nine antibiotics (gentamicin, 
streptomycin, kanamycin, ciprofloxacin, norfloxacin, levofloxacin, ampicillin, 
carbenicillin and cefsulodin) were added at t0 at 20× MIC. Survival was 
quantified as the log-transformed CFU of treated cells minus the log-
transformed CFU of untreated cells after 3 h. c, Antibiotic lethality is 
independent of growth rate when growth and metabolism are uncoupled. 
Data from b are plotted against growth rate (x axis). In all cases, data 
are mean ± s.d. of four biological replicates measured on at least two 
independent days. For b and c, yellow and blue solid lines are the linear 
regression fits for coupled and uncoupled conditions individually; red dotted 
line is the regression fit using all blue and yellow data points combined.
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ciprofloxacin and ampicillin. Doing so revealed that under coupled 
conditions (for example, 0% and 0.004% glucose), the growth rate 
was inversely correlated with survival for all three antibiotics; by 
contrast, growth rate was largely unable to predict survival when 
uncoupled from metabolism (0.04% and 0.4% glucose; Fig. 3a), 
consistent with Fig. 2. There were three uncoupled conditions at 
25 °C in which survival statistically decreased over a range larger 
than the typical error associated with CFU measurements (~10%; 
Supplementary Table 5). However, data clustering due to minimal 
growth resulted in skewed linear fitting. Therefore, to expand the 
relevant range of growth rates, we normalized survival at each tem-
perature by the mean, and pooled data by glucose concentration. In 
all cases, growth rates were statistically negatively correlated with 
survival only when coupled to metabolism, consistent with Figs. 2 

and 3 (Supplementary Fig. 6, Supplementary Table 5e), supporting 
the notion that uncoupled growth rates are not correlated with anti-
biotic lethality.

Consistent with Figs. 2 and 3a, ATP was inversely correlated 
with survival when coupled to growth (Fig. 3b). However, when 
uncoupled, survival remained approximately constant for all but 
two cases (Supplementary Table 5f). This indicates that metabo-
lism-independent effects on survival are minimal, as our definition 
of uncoupled specifies constant ATP levels. To increase the range of 
ATP, we further pooled all 96 data points by normalizing the sur-
vival, growth rate and ATP/OD by their means at each glucose con-
centration and temperature; this uncoupled growth and ATP across 
all of the conditions. Indeed, sorting survival by either increasing 
ATP or growth rate resulted in trends driven by either level of ATP 
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or growth rate individually (Supplementary Fig. 7a, Supplementary 
Table 3e). Interestingly, survival generally decreased with increasing 
levels of ATP for all three drugs at 2× and 20× MIC; by contrast, 
survival exhibited no obvious trend with increasing growth rate at 
the same concentrations (Fig. 4a). Normalization did not skew the 
data; the OD600 of untreated cells remained correlated with growth 
rate (Supplementary Fig. 7b).

Interestingly, we noticed an emergent biphasic dependence of 
bacterial survival with increasing levels of ATP (Fig. 4a). We further 

examined the non-normalized survival data as a function of CAA 
in the absence of glucose as this yielded the widest dynamic range 
of ATP. Consistent with the pooled dataset, we saw minimal lethal-
ity at low CAA. However, once CAA was sufficiently high, survival 
was characterized by an approximately log-linear correlation as a 
function of the nutrient (Supplementary Fig. 8a,b). To compare this 
trend across different drugs, we normalized ATP (ATPN) to the cor-
responding biphasic transition point (ATPcrit) that resulted in an 
approximate collapse of survival across the different drug classes 
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Fig. 4 | Metabolic-dependent threshold for lethality and generality a, Metabolic state correlates better with antibiotic lethality than growth rate for all data. 
The pooled 96 data points were normalized and sorted by either increasing ATP/OD (top row) or growth rate (bottom row). The effects on growth and 
metabolism are shown in the grey bar graphs (left two panels) and survival is shown in the coloured bar graphs for 2× (lighter) and 20× (darker) MIC (right 
three panels). b, Critical metabolic threshold for antibiotic lethality. Survival is measured at CAA concentrations of 0, 0.001, 0.0025, 0.01, 0.025 and 0.1%; 
shading (dark to light) represents increasing concentrations. ATP/OD is normalized to ATPcrit. Horizontal (100% survival ratio) and vertical (critical threshold) 
dotted lines are drawn as guides. Survival is normalized to the ATP value immediately preceding the threshold. Data are the mean survival of four biological 
replicates. c, Corresponding ATPcrit value from b. The y axis shows ATPcrit before normalization, and the x axis shows temperature. Data are the mean survival 
of four biological replicates. d, Mathematical schematic with simplified assumptions. Survival undergoes a switch-like transition at a normalized metabolic 
state of m = 1 and decreases linearly at a rate α. M and M0 are the non-dimensionalized metabolic states of ATP and ATPcrit, respectively. e, results are general 
to malic acid at concentrations of 0, 4, 12.6, 40 and 126.5 µg ml−1; shading (dark to light) indicates increasing concentrations. Data are the mean survival 
of four biological replicates. f, Increasing metabolic sensitivity using ΔatpA. The following CAA concentrations were used: 0%, 0.01% and 0.1%; shading 
(dark to light) represents increasing concentrations. Data are the mean ± s.d. survival of three biological replicates. g, Decreasing metabolic sensitivity using 
glutathione. CAA-treated cells (0%, 0.0025%, 0.01% and 0.1%) were supplemented with 10 mM reduced glutathione. Non-normalized data are provided in 
Supplementary Fig. 11e. Shading (dark to light) represents increasing CAA concentrations. Data are the mean ± s.d. of three biological replicates. In all cases, 
the error bars indicate s.d. The y axis for e–g shows the survival ratio and the x axis shows ATPN. 20× MIC was used for all drugs (Supplementary Table 4). 
In all cases except for d, colours indicate drug (gentamicin (green), ciprofloxacin (yellow), ampicillin (red) and control (grey)). The control (dotted line) for f 
and g is the linear regression fit of BW25113 data using the corresponding subset of CAA concentrations for each panel.

NATurE MiCroBioLogY | VOL 4 | DECEMBEr 2019 | 2109–2117 | www.nature.com/naturemicrobiology 2113

http://www.nature.com/naturemicrobiology


Letters NATure MIcrobIoloGy

(Fig. 4b, Supplementary Figs. 8c,d, 9 and 10, Supplementary Table 6).  
Our limited x-axis resolution prevented us from conclusively deter-
mining whether ATPcrit is drug-specific. However, this approximate 
collapse reveals trends that occur owing to global changes in the 
metabolic state between conditions. Indeed, ATPcrit remains rela-
tively constant with increasing temperature, which explains the 
increasing slope and apparent loss of the biphasic plateau (ATPN < 1) 
at 37 °C (Fig. 4b,c).

We built a simplified mathematical model to describe the log-
linear relationship between survival and ATPN. Specifically, the 
survival fraction depends on the initial metabolic state m (Fig. 
4d). Under the minimal assumptions that cell death follows first-
order kinetics (see Methods), a relationship between the antibiotic-
mediated cell death rate (d) and the initial metabolic state emerges: 
d = μ + α/t(m − 1) if m > 1 and d = 0 otherwise, where α is a drug-
specific metabolic-dependent slope constant, t is time and μ is the 
growth rate. That is, the death rate linearly increases with the meta-
bolic state of the cells at the time the antibiotic is administered. The 
model accurately captures our main results (Supplementary Fig. 
10a,b, Supplementary Table 7) and, furthermore, suggests propor-
tionality between time and the metabolic-dependent slope, which we 
verified (see Methods; Supplementary Fig. 10c and Supplementary 
Table 8). Together, this implies that the primary effect of growth is 
to set the upper survival threshold at the minimum level of ATP 
(Supplementary Fig. 10d).

Intuitively, the slope α is a relative parameter that establishes a 
relationship between the initial metabolic state and subsequent rate 
of cell death—as ATPcrit increases, the slope decreases. To demon-
strate the generality of this principle, we perturbed various aspects 
of cellular metabolism using alternative non-nutrient metabolites 
(malic acid and adenosine), pre-culture carbon sources (xylose) and 
both Gram-negative and Gram-positive clinically relevant species 
(A. baumannii and S. aureus, respectively; Fig. 4e, Supplementary 
Fig. 11a–d). The dependence on ATP was preserved throughout, 
and α generally increased or decreased with corresponding changes 
in the average ATPcrit, as expected (Supplementary Table 6c).

Bactericidal antibiotic lethality results, in part, from a sequence 
of downstream metabolic events that follow initial drug-target 
binding1,2,26. Targeting these metabolic processes should enable us 
to predictably modulate α. We hypothesized that accelerated respi-
ratory activity would potentiate antibiotic lethality27, corresponding 
to a larger α. We therefore used an atpA-deficient genetic mutant 
(ΔatpA), the growth of which is uncoupled from ATP produc-
tion and exhibits increased basal respiration27. Consistent with 
our hypothesis, ΔatpA cells exhibited a significantly lower ATP 
threshold and, therefore, a larger α when treated with antibiotics 
compared with wild-type cells (Fig. 4f, Supplementary Table 6). 
By contrast, we hypothesized that minimizing the accumulation of 
downstream toxic metabolic by-products (for example, damaging 
reactive species) would attenuate metabolic-dependent lethality, 
resulting in a smaller α. To test this, we used the antioxidant glu-
tathione, which buffers toxic overflow from cellular respiration28. 
Indeed, pretreatment with 10 mM glutathione largely eliminated 
metabolic-dependent antibiotic lethality, significantly reducing α 
(Fig. 4g, Supplementary Fig. 11e).

The observations that antibiotics are highly effective on rapidly 
growing cells, and that cellular metabolism plays a key role in anti-
biotic lethality, are complementary and yet are previously largely 
addressed separately in the literature. Our study provides a uni-
fied explanation by showing that antibiotic lethality is better cor-
related with the metabolic state of the cell, which may or may not 
be correlated with growth. These findings suggest that antibiotics, 
in many cases, should be able to kill non-growing bacteria provided 
that cellular metabolism is sufficiently primed or stimulated. This is 
consistent with an increasing number of studies2, and supported by 
our low-temperature conditions in which CFU did not statistically 

increase (Supplementary Fig. 11f). Our results are also consistent 
with recent observations that ATP depletion can induce persister 
formation in E. coli and S. aureus23 by reducing ATP levels below 
the critical threshold required for antibiotic-induced cell death. Our 
findings, however, support an interpretation that extends beyond 
bacterial persisters, highlighting the nuanced, yet non-trivial, delin-
eation between first-order and second-order lethality mechanisms. 
Indeed, our results emphasize that growth-dependent effects, 
such as target kinetics or expression levels7,29, are not sufficient to 
account for antibiotic-mediated lethality alone. Instead, the meta-
bolic response following the initial drug target interaction is critical 
and drives many aspects of the bacterial response to antibiotic expo-
sure. Understanding these effects will be key to developing novel 
therapeutics that more effectively target bacteria in non-permissive 
states, as well as enhancing the efficacy of existing antibiotics with 
appropriate adjuvants to push bacterial pathogens over the critical 
metabolic threshold towards their death.

Methods
Strains and growth conditions. For all of the experiments, single clones picked 
from agar were inoculated in 3 ml Luria–Bertani (LB) medium and grown at 37 °C 
with 300 r.p.m. agitation for 16 h overnight. A list of strains and species used in this 
study is provided in Supplementary Table 1. MIC measurements were obtained 
as a means to normalize concentration choices. Specifically, cells were diluted 
10,000× from overnight cultures into MOPS minimal medium supplemented with 
0.4% glucose and 0.1% CAA, and two-fold serial dilutions of each antibiotic were 
performed such that each well contained a final volume of 100 µl at concentrations 
chosen to cover the expected MIC. Plates were sealed with AeraSeal membranes 
(Sigma-Aldrich, A9224) and placed in a shaking incubator at 37 °C with 
900 r.p.m. agitation for 24 h. OD600 measurements were used to determine the 
lowest concentration at which no growth was detected. MICs were performed in 
biological triplicate (Supplementary Table 4).

Experimental conditions for coupled and uncoupled growth and metabolism. 
Overnight cultures were washed once in PBS and diluted 40× into MOPS minimal 
medium (Teknova, M2106) supplemented with 0.04% glucose. To initiate growth, 
sub-cultures were incubated at 37 °C with 300 r.p.m. agitation in 50 ml Falcon 
tubes with bioreactor caps for aeration. Before shifting into log phase (~2 h), 
cultures were centrifuged for 10 min at 4 °C and 4,000 r.p.m., and condensed 2× (to 
OD600 ≈ 0.15) in MOPS buffer diluted 3:1 in 1× PBS. Then, 200 µl of resuspended 
cells were distributed into wells of a 96-well microtitre plate. Exogenous nutrients 
or metabolites were added at this time, and experimental temperatures were set, 
and the plate was sealed with an AeraSeal membrane (Sigma-Aldrich, A9224;  
Fig. 1b). Plates were agitated at 200 r.p.m. in a benchtop temperature-controlled 
shaker at the designated temperature. Spot plating was performed using tenfold serial 
dilutions in Milli-Q H2O in technical duplicates to obtain all CFU measurements, 
and all of the experiments were performed with four biological replicates on at least 
two independent days from distinct individual colonies unless otherwise noted. 
For conditions with antibiotic treatment, all plates were washed once in PBS at the 
end of the treatment period to remove the drug before dilutions and plating. All 
combinations of CAA (0%, 0.001%, 0.0025%, 0.01%, 0.025% and 0.1% w/v) and 
glucose (0%, 0.004%, 0.04% and 0.4% w/v) were measured at each temperature.

To determine growth rates for each set of conditions, plates were set up in 
identical conditions as described above, and OD600 measurements were taken 
once every hour over the course of 5 h (Supplementary Fig. 1c). Growth rates 
were compared using sliding windows of 2 h along the entire log-transformed 
growth curve, along with other established methods30,31. All of the metabolism 
measurements (described below) were taken at t0 immediately before antibiotic 
treatment. Experiments were performed similarly with xylose and maltose for 
generality with the following modifications: cells were not condensed 2× and 
survival was quantified at 4 h instead of at 3 h (Supplementary Fig. 5). These changes 
were introduced to ensure that slower growth rates under these less-rich sugars were 
comparable to growth rates that occurred with glucose. We note that 100% standard 
MOPS minimal medium was used for these experiments as well, however, this did 
not influence growth under these conditions (Supplementary Fig. 2a).

To determine the IC50 for all sugars, cells were diluted 10,000× from overnight 
cultures into MOPS minimal media, and glucose, maltose or xylose was added 
at logarithmically spaced concentrations from 0.0001% to 1% (w/v). Plates 
were grown analogous to MIC experiments for 18 h. The steady-state biomass 
(OD600) was obtained, and the data were fitted using the following equation: 
OD600 ¼ μIC50

n

vnþIC50
n

I
Statistical analysis for distinguishing coupled and uncoupled conditions. Linear 
regressions were performed on both growth rate and ATP/OD, as a function of 
CAA, as demonstrated in Fig. 1c. After validating this approach by ensuring the 
residuals were normally distributed (Supplementary Fig. 4d), we calculated the 
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slopes and confidence intervals for each sub-panel in Fig. 1c (Supplementary 
Table 3). Conditions were classified as coupled if both slopes were positive and 
if the confidence intervals, defined as 2 s.e. of the slope estimate, remained 
positive (Fig. 1f). Conditions were classified as uncoupled if the growth slope was 
statistically positive (as above) and the ATP/OD slope was statistically non-positive 
(confidence interval either contained 0 or fell entirely below 0).

Metabolism quantification. OCR. An OCR assay kit (Cayman Chemical, 600800) 
was used to verify respiration activity (Fig. 1e, Supplementary Fig. 4a,b). Assays 
were performed at t0, analogous to the time of antibiotic addition, according to 
the manufacturer’s instructions. Kinetic measurements were obtained every 5 min 
thereafter for a total duration of 2 h, and the OCR was measured as the slope of the 
linearly increasing portion of the curve, as described by the manufacturer. This rate 
was then normalized to the initial OD600 to account for cell density effects. OCR 
was measured for the extreme glucose concentrations (0% and 0.4%) across all 
concentrations of CAA at 25 °C and 37 °C in biological triplicates.

Intracellular ATP. ATP was quantified using a BacTiter-Glo kit (Promega, G8231) 
according to the manufacturer’s instructions. To establish a standard curve, we 
performed tenfold dilutions of purified ATP, and added 25 µl of the diluted mixtures 
to alternating wells of a 384-well opaque white microtitre plate in technical 
triplicates. Subsequently, 25 µl of BacTiter-Glo reagent was added to each well. The 
contents were mixed by pipette, incubated at room temperature for 5 min and then 
luminescence readings were obtained using a SpectraMax Molecular Devices plate 
reader (Supplementary Fig. 4c, left). All of the ATP measurements were obtained in 
biological triplicate at t0 immediately before addition of antibiotics.

NAD+/NADH. NAD+/NADH was quantified using a NAD/NADH-Glo Assay 
(Promega, G9071) according to the manufacturer’s instructions. A standard curve 
was established to ensure that signals were obtained within the linear range of 
detection. To do so, purified NAD+ or NADH (Sigma-Aldrich, N8285 or N6660, 
respectively) were quantified individually by performing tenfold serial dilutions 
according to the concentration ranges specified. Ratios of the two were then mixed 
at 4:1 and 1:4 to ensure the scaling factors were accurate. As NAD+ and NADH 
were not quantified separately in the experiments, our units are relative light units 
(RLU). All ratios (0–100%) of NAD+/NADH were quantifiable within the same 
linear RLU range (Supplementary Fig. 4c, right). Measurements were obtained after 
45 min of incubation according to the manufacturer’s instructions. NAD+/NADH 
measurements were obtained from three biological replicates for all conditions at t0.

Metabolic network modelling. Metabolic simulations were performed by FBA 
using the COBRA Toolbox v.2.032 in MATLAB with the Gurobi Optimizer v.8.1.0 
(Gurobi Optimization) on the iJO1366 genome-scale model of E. coli metabolism20. 
For each CAA and sugar combination, amino acid concentrations were estimated 
on the basis of free amino acid fractions from the BD Bionutrients Technical 
Manual and scaled according to 0%, 0.001%, 0.0025%, 0.01%, 0.25% and 0.1% 
w/v (Supplementary Table 2a). Concentrations of glucose, xylose or maltose were 
similarly estimated at 0%, 0.002%, 0.004%, 0.0008%, 0.04%, 0.08% and 0.4% w/v 
(Supplementary Table 2b). E. coli metabolism was simulated for each CAA and 
sugar combination by setting these concentrations as the lower bounds of exchange 
reactions corresponding to the amino acids or sugars, preserving the relative 
proportions between each metabolite. FBA simulations were then performed, 
optimizing for the biomass objective function (Supplementary Table 2c).  
For each reaction in the condition-specific models, the metabolic efficiency 
was calculated by normalizing ATP synthase-mediated ATP production by the 
biomass rate (Supplementary Table 2d). Growth and metabolism were considered 
to be sufficiently uncoupled at sugar concentrations at which the percentage 
change in metabolic efficiency across CAA was more than 100-fold less than the 
corresponding change under coupled conditions (for example, 0.04% glucose).

Statistical analysis of survival as a function of growth rate. Survival data as a 
function of growth rate were determined to be significant using an analogous 
approach as was used to distinguish coupled from uncoupled conditions. 
Conditions were classified as significantly correlated if the slopes were negative and 
the confidence interval remained negative (Supplementary Table 5). Conditions 
were classified as significantly uncorrelated if the slopes were negative and the 
confidence interval included 0, or the slopes were calculated to be positive. On the 
basis of our conclusion that survival was correlated with growth rate when coupled 
to metabolism (0% and 0.004% glucose; Fig. 3), linear regression statistics were used 
to identify any outliers—coupled conditions for which survival did not significantly 
decrease, or uncoupled conditions (0.04% and 0.4% glucose) for which survival did 
significantly decrease. Conditions set in bold in Supplementary Table 5a denote 
such conditions. To determine whether these statistical outliers were attributable to 
assay variability, conditions set in bold were confirmed if the individual data points 
significantly decreased (approximately and/or greater than 10% error inherent in 
our CFU measurements). The conditions in Supplementary Table 5a highlighted in 
yellow are the remaining outliers that are discussed in the main text.

Statistical analysis of survival as a function of metabolism. Survival data as 
a function of metabolism were determined on the basis of the vertical spread 

for a given CAA concentration (Fig. 3b). Coupled conditions were evaluated 
analogously to growth rate. Uncoupled conditions were classified as significantly 
changing if the vertical spread of the data (quantified as 1 s.d.) was greater than 
the inherent variability of our CFU assay (~10%; Supplementary Table 5f). Only 
the vertical spread was considered because uncoupled conditions, by definition, 
have constant ATP levels as a function of CAA concentration. The conditions in 
Supplementary Table 5f highlighted in yellow are the remaining outliers that are 
discussed in the main text.

Data processing to determine the critical ATP threshold. To identify the critical 
transition point (similar to Balaban et al.33), the data were first interpolated 
using a 100-point mesh to account for error associated with CFU variability 
(Supplementary Fig. 9a,b). Two linear regressions were then fitted, either forwards 
(Supplementary Fig. 9c, left), starting at the minimum ATP and extending point-
wise in the forward direction, or reverse, (Supplementary Fig. 9c, right) starting 
at the maximum ATP and extending point-wise in the reverse direction. The 
minimum and maximum slope in the forward and reverse direction, respectively, 
were taken as the best fits, and the corresponding index of each associated point 
was collected. If the collected points corresponded to the first and last true data 
points, the line was deemed monotonic and t-tests were used to determine the 
minimum ATP at which there was a statistical decrease. Otherwise, the region 
located in-between the optimal line fits was extended outwards by 17% on both 
sides to capture the farthest possible true data point (100-point mesh with 6 
true data points). ATPcrit, defined by the maximum of the second derivative 
(Supplementary Fig. 9d), was located within this region. Finally, we compared the 
95% confidence interval of the mathematically identified ATPcrit; if survival at this 
point was statistically non-significant to survival at the adjacent ATP value, we 
shifted the normalization index to the next greater index (Supplementary Fig. 9e).

The entire process was performed automatically using a custom MATLAB 
script, which output an index value to normalize the x axis, denoted ATPN. Survival 
at ATPN below 1 did not necessarily exhibit zero lethality; rather, the lethality rate 
did not change significantly until ATPN = 1. To account for the basal lethality, we 
normalized the y axis to survival located at index − 1. Sample non-normalized 
survival data can be found in Supplementary Fig. 10a. All of the lines were fit using 
first-order polynomial linear regressions for all data points for which ATPN ≥ 1. 
A complete list of α values can be found in Supplementary Table 8. Slope values 
of greater than 30% apart are considered to be statistically different, as this is 
the average error associated with our CFU measurements. To directly compare 
lethality rates under perturbed conditions for either the ΔatpA genetic mutant 
or glutathione-treated cells (Fig. 4f,g), the index used to normalize the x axis was 
obtained from the corresponding control data. In all other cases, the index was 
calculated directly from the respective dataset.

Data normalization. Data from Supplementary Fig. 6 were normalized as follows: 
conditions were grouped by temperature and normalized to the average of that 
specific group. In doing so, 4 × 4 subplot panels (Fig. 3) could be reduced to 
1 × 4, with one plot per glucose. This procedure maintains survival trends while 
accounting for a potential temperature-dependent skew on the growth rates, thus 
enabling inter-condition comparisons. To pool all 96 data points, the temperature-
normalized data were then normalized to the average per glucose group, collapsing 
the entire dataset into a single dimension. For Fig. 4a, all data are normalized to the 
maximum for numerical interpretation; here, it was critical to remove any growth 
rate with a quantification of 0 to avoid artefacts of normalizing to these numbers. 
We included these data in all of the other figures, and we note that this does not 
influence the observed trends, as arbitrarily setting these growth rates equal to a 
small value (0.001) yields the same results (Supplementary Fig. 7).

Mathematical modelling. We use a simplified mathematical description of 
the phenomenological data whereby the survival fraction undergoes an abrupt 
transition at a critical metabolic threshold m ¼ M

M0
¼ 1

I
 (Fig. 4b). Here, survival is 

constant (K) when m < 1, and decreases linearly when m ≥ 1, namely:

ln
N
N0

� �
¼ K jm<1

K � α m� 1ð Þ jm≥1

Under most conditions, K = 0; however, we note that for some conditions the 
survival was less than 100% but still constant at levels of ATP below the critical 
transition. Under the minimal assumption that cell death follows first-order 
kinetics (for example, N = −f(m)N, where

f mð Þ ¼ 0 mj <1
d mj ≥1

�

it follows that

ln
N
N0

� �
¼ 0 m<1j

�dt m≥1j

�

We set the two expressions for the survival fractions equal to one another 
to reveal the relationship between the antibiotic-mediated death rate (d) 
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and the initial metabolic state, such that d = a/t (m − 1) that is, the death rate 
directly depends on the metabolic state of the cells at the time the antibiotic is 
administered. We note K = 0 here, which is consistent with our data normalization.

Simulations (Supplementary Fig. 10b) were performed using parameters fitted 
from the data (Supplementary Table 7). Survival was calculated using the closed 
form solution: N ¼ N0et μ�dmð Þ

I
. When μ > 0, we use the analogous solution for 

the control condition (NC = N0etμ) to determine the survival fraction, defined by 
the log-transformation of 100 ´ N

NC

I
, which is consistent with our experimental 

definition. In particular, we used the initial cell density (N0), the growth rates (μ) 
and the intracellular ATP (m) for all glucose concentrations at 37 °C as the baseline, 
and the antibiotic death rate (d). The highest and lowest concentrations for each 
glucose (for example, at CAA = 0 and CAA = 0.1) were used as end points to 
generate a continuous vector of growth rates and ATP that consisted of 100 linearly 
space points to achieve a higher resolution parameter space (Supplementary  
Fig. 9b, top row). Doing so did not disrupt the trends because the simplified 
version with only six CAA points fully captured the same dynamics 
(Supplementary Fig. 10b, bottom row).

Generality experiments. Gram-positive and Gram-negative species. Experiments 
with additional species were conducted on a subset of four CAA concentrations 
(Supplementary Fig. 11a,b). As S. aureus and A. baumannii cannot grow in strict 
MOPS, sub-cultures were performed with the addition of 10% LB. ATP was 
quantified using BacTiter-Glo.

Alternative metabolites and sub-culture conditions. d/l-Malic acid and adenosine 
were used at concentrations of 0, 4, 12.6, 40, and 126.5 µg ml−1 instead of CAA 
(Fig. 4e, Supplementary Fig. 11c). These metabolites were chosen owing to their 
immediate proximity to ATP synthesis34–36, for example, malate reduces NAD+ 
to NADH in the final energy-producing step of the TCA cycle. For all of the 
experiments, cells were sub-cultured in MOPS containing 0.04% glucose, except for 
experiments shown in Supplementary Fig. 11d, for which 0.04% xylose was used 
instead. Reduced glutathione was used at a final concentration of 10 mM (Fig. 4g).

Mutant strain. ATP was quantified using BacTiter-Glo. The ΔatpA mutant was 
measured using three CAA concentrations of 0%, 0.01% and 0.1% w/v. As this 
strain was only tested with a subset of CAA, the normalization was performed 
on the basis of identifying the lowest CAA concentration for which survival 
statistically decreased more than 2 s.d. To remain consistent, the control line was 
calculated on the basis of the wild-type strain using the same reduced subset of 
CAA concentrations.

All of the perturbation experiments were performed at 25 °C.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The data that support the findings of this study are available from the 
corresponding author on reasonable request.
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