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Supplementary Experimental Protocols and Results 
 
A.  Experimental determination of maximum growth rates 

When determining maximum growth rates in different carbon sources, we used a 12-15 h old 
E. coli culture (prepared in the same substrate to be used for the final medium) to inoculate a 
Sixfors bioreactor (Infors AG, Switzerland) containing M9 minimal medium (400 ml working 
volume) supplemented with different carbon sources, and monitored the growth profile at 
regular intervals at 600 nm. A method of continuous cultivation of bacterial cells with smooth 
changes in growth rate was used for determining the maximum growth rate in different 
substrates. This method has been shown to be more precise to determine growth rate in E. coli 
than batch culture (Paalme et al. 1995, 1997). When the cells reached a stationary phase (also 
indicated by constant OD and sudden increase in dissolved oxygen value), the flow of fresh 
growth medium was started at a dilution rate slightly below their maximum growth rate 
calculated from their growth profile in the exponential phase. The cells were allowed to grow 
at this dilution rate until they reached a steady state. Once the cells were found to be growing 
well in the steady state, the wash out of cells was started at a dilution rate that was above their 
maximum growth rate. The washout was done for the next six hours, and the data obtained at 
A600nm (OD readings were converted into log) during the washout period was used to calculate 
the maximum growth rate for all the cultures.  

 

Growth rate =  
lnf-lni 

3 
D - 

 
 
where, D: dilution rate during washout of cells 
 lnf: log natural of the final A600nm
 lni: log natural of an A600nm (3 hr before the final A600nm) 
 
B.  Growth in mixed-carbon substrate medium 
The growth experiments using M9 minimal medium containing mixture of five carbon 
sources (glucose, maltose, galactose, L-lactate and glycerol) were carried out in a 2-L 
bioreactor with 1.2-L working volume (Labfors, Infors AG, Switzerland). All the carbon 
sources (used in equal ratios) were filter sterilized and added to the growth medium at final 
concentration equivalent to 0.2% sugar. For these growth experiments, the dissolved oxygen 
was set at 100% initial value, and sterile air was continuously sparged into the medium. 
Growth parameters, such as pH, pO2, temperature and agitation were continuously monitored 
through microprocessor probes (Fig. S2-1). Samples were collected at 30 min intervals to 
document various growth phases, extracellular substrate concentrations and to assess the 
transcriptome state.  
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Figure S2-1: Real-time growth profile data collected from the Labfors bioreactor (showing changes in 
oxygen concentrations-blue curves, and pH-green curves) of E. coli MG1655 growth in M9 minimal 
medium containing five substrates (glucose, maltose, galactose, glycerol and lactate) in equal 
proportions from three individual experiments. The optical density (black curves) were measured 
separately on a spectrophotometer and fed into the software. Samples for substrate analysis were 
collected from all three experiments and the substrate concentration plots (between zero to 10 hrs of 
growth) in Figure 2b (main manuscript) are the average of analysis results from three experiments. 
The A600nm, pO2 and pH plots in Figure 3 (main manuscript) are also average of three plots from above 
three figures. The samples for microarray analysis were only collected once from the Experiment 3 
(bottom panel) between 2-8 hrs of growth. 

C. Substrate concentration assays 
For determining the residual concentration of individual carbon sources in the growth 
medium, samples of cell culture were centrifuged for 2 min at 13,000 x g at 4˚C. The 
supernatant was filtered through a 0.22µ filter and stored at –80˚C until further use. 
Concentrations of D-galactose, D-glucose, glycerol, L-lactate, maltose and acetate in the cell-
free supernatant were determined using corresponding Enzymatic BioAnalysis kits (R-
Biopharm, South Marshall, MI) according to the manufacturer’s instructions. Before analysis, 
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all the samples were placed in water-bath at 80°C to stop any background enzymatic activity. 
For maltose analysis, the samples were treated with glucose oxidase and hydrogen peroxide 
by passing air current for 1 hr to remove residual glucose (which might impair the precision 
of the maltose assay) as per the manufacturer’s instructions. 
 
D.  Microarray sample collection 
For the shake-flask exponential-phase experiments using individual carbon sources, at 
A600nm~0.2, the whole cell culture volume (50-ml) was mixed with 5-ml of ice cold stop-
solution (5% water-saturated phenol in absolute ethanol), and cell pellet was obtained by 
centrifugation at 4,500 x g for 5 min at 4°C, followed by flash freezing of pellets with liquid 
nitrogen. The pellets were stored at -80°C until further use. For the time series experiments 
using mixture of five carbon sources in M9 minimal medium, culture samples for microarray 
analysis were collected at 30 minute interval between 2-8 hours of growth. Approximately, 5-
50 ml of the cell culture (depending on the stage the cells were growing) was obtained and 
rapidly mixed with 1/10th volume of the ice cold stop-solution (5% water-saturated phenol in 
absolute ethanol) to inhibit any further transcription. The tubes were capped, and the sample 
and stop solution were mixed by inversion. The cell pellets were obtained by centrifugation at 
4,500 x g for 5 min at 4°C, were immediately flash frozen in liquid nitrogen, and were stored 
at -80°C until further use.RNA was isolated from the frozen cell pellets using Epicenter’s 
Masterpure RNA isolation kit (using manufacturer’s product manual). The samples were also 
treated with DNAse for 1 hr at 37°C to remove DNA contamination in the RNA samples. 
10μg of all RNA samples were processed for transcriptome analysis using E. coli Affymetrix 
microarray chips by the Microarray Resource Centre, Department of Genetics and Genomics 
at Boston University School of Medicine (http://www.gg.bu.edu/microarray/index.htm). 
 

E. Microarray Analysis

E-1. Microarray analysis of samples from individual carbon source-limited medium 
(glucose, maltose, galactose, glycerol, lactate and acetate)  
The supplementary file (Table S4a) gives the information about the most significantly 
differentially expressed genes at the top of the list. These genes are also sorted such that genes 
with similar patterns of gene expression are near to each other. In order to perform the data 
analyses, we first identified genes for which there is no evidence of sequence-specific 
hybridization intensity in any of the five samples. Sequence-specific hybridization is indicated 
by the letter P in Columns Q - U.  If there are no "P"s in any of these columns for a particular 
gene, that gene is relegated to the bottom of the list and is not analyzed any further. We 
searched for genes that vary between the five arrays much more than genes with similar 
hybridization intensity. The idea here is that the observed difference for a gene that varies 
much more than its neighbors is probably not due to technical noise and thus the variability 
could be due to underlying biological differences between the samples. The ratio of the 
variability of a particular gene to the average variability of its 50 closest neighbors is in 
column O. When analyzing this data, we chose an arbitrary threshold of 2.5 for this variability 
ratio and identified the top 150 genes that had a ratio larger than 2.5 (i.e., the 150 genes that 
are probably the most dramatically affected by the given growth conditions).  The thick line 
after row 151 indicates that all the genes below this line have a lower variability ratio. 
Columns B-F has the fold change in the hybridization intensity for each sample relative to the 
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average intensity.  Red is higher intensity, blue is lower intensity.  The actual value is 
expressed as log2. The actual hybridization intensities are in columns G-K.  In columns L–
N, the intermediate calculations were done for calculating the variability ratio. Examination of 
the top 150 genes reveals that glucose-, maltose- and galactose-limited growth results in the 
condition-specific up-regulation of genes involved with the transport and catalysis of the 
specific carbon source (e.g., of those of the maltose regulon in the maltose-limited growth 
condition), while glycerol and acetate display similarities in the expression program, but the 
“acetate signature” is stronger and more expanded compared to glycerol’s. This suggests the 
appearance and subsequent expansion of a foraging program as the quality of the carbon 
source decreases, as previously suggested (Liu et al. 2005).  

As the mid-log phase growth experiment using lactate as sole carbon source was done 
separately then other five carbon source experiments, we compared the expression of the 
genes expressed under lactate-limiting conditions with those of glucose on a different 
Affymetrix chip (Supplementary Table S4b). Those genes that fail to exhibit sequence-
specific hybridization signal in either sample were removed from consideration.  Such genes 
have the letter "A" or "M" in Column J for the glucose (GLC) sample and Column K for the 
lactate (LAC) sample.  If a gene has "A" or "M" in both samples, it has a value of false in 
Column I and is sorted to the bottom of the spreadsheet (Table S4b). As random variability 
due to system noise is generally inversely related to hybridization intensity, we compared the 
relative difference between the glucose and lactate samples for each gene to the average 
difference between the two samples for genes with similar hybridization intensity.  The idea is 
that if a gene is in a hybridization intensity neighborhood of noisy signals, the observed 
difference between the two samples is less likely to be due to a biological cause than if other 
genes with similar hybridization intensity show little change.  This idea is reduced to a 
number in Column H.  Those genes with a "surplus variability" > 4 (though this is an arbitrary 
threshold), have been highlighted.  Those genes in black in Column H are more likely to be 
differentially expressed than those genes with a surplus variability < 4. Finally, we calculated 
the log2 fold-change between the lactate and glucose samples in Column D and have been 
highlighted in pink those that are more than 2-fold higher in the lactate sample and are 
highlighted in blue those that are more than 2-fold higher in the glucose (GLC) sample in 
blue.  The spreadsheet is sorted so that the pink ones are at the top followed by the blue ones 
(among the genes that show sequence-specific hybridization intensity). In order to have all the 
information after using two different microarray platforms, we scaled the raw values from the 
second glucose experiment (Table S4b) so that the total sum of raw intensities of common 
genes would be the same as the first.  The two glucose experiments were then averaged 
together.  Then we scaled the lactate array by the same factor as used to make the two glucose 
sums the same (Table S4a and S4b).  Then for each gene and condition we took the log2 of the 
intensity value over the geometric mean of the intensity values across all six experiments. The 
glucose data in the correlation matrix shown in the bottom panel of Figure 4 (main 
manuscript) is the average of the two glucose values from Table S4a and S4b after this 
normalization. 
 
E-2. Microarray analysis of samples from time series mixed-substrate experiment  
In order to analyze the data set (Table S3), first we removed those expression measurements 
that were not sequence-specific in any of the samples in the data set (sequence specific 
intensity is indicated by a "P" in Columns AC-AN).  This filter removes expression 
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measurements for genes that are probably not expressed under the growth conditions. Then 
we calculated the fold-change for each time point relative to the geometric mean of the 
hybridization intensity of all time points for each gene.  These are expressed as log2 in 
Columns D-O (Table S3).  The fold-change is color coded such that blue represents lower 
expression, white represents average expression and red represents higher expression.  Then 
we organized the expression measurements from top to bottom so that genes that show similar 
changes between the samples are near each other.  Every gene with sequence specific 
hybridization intensity is in this list. The Principal Component Analysis (Peterson 2003) 
(Figure S2-2), which globally assesses the similarity of transcriptome profiles to each other by 
considering all the genes on the array, display that there are similar expression profiles in all 
samples collected between 2 and 3.5 hrs (exclusive glucose utilization phase). This was 
followed by transition in the transcriptome state at the beginning of the mixed utilization 
phase between 4-4.5 hrs. The 5, 5.5 hr (mixed substrate utilization phase) and 6.5 hr samples 
(late carbon utilization phase) display similar global expression profiles, interrupted by a 
significant alteration in the expression profile at 6 hr (which is indicating the switch from 
acetate secretion to acetate utilization). 
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Figure S2-2: Principal component analysis of the microarray data from time-series experiment on 
mixed-substrate medium 

E-3.    Querying expression data to identify specific expression profiles 
TimeSearcher (Hochheiser et al. 2003) was used to identify genes having similar expression 
profiles to genes that are known to participate in specific uptake pathways. TimeSearcher 
displays a set of genes satisfying constraints imposed by visual query boxes.  The input is a 
set of known genes and a set of constraint boxes around these genes, and the output is these 
genes plus all the other genes that also satisfy the constraint boxes. In Figures S2-3 to S2-8, 
the query boxes are the blue boxes and a known (query) gene for the uptake pathways is 
displayed in green. The list of genes with similar expression pattern identified for each profile 
(see figures below) are listed on the right side of each figure (Figures S2-3 to S2-8). These 
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individual figures for glucose, lactate, maltose, galactose, glycerol, and acetate uptake clearly 
show that several other genes that do not directly take part in substrate uptake of these 
individual carbon sources are also up regulated along with the substrate uptake genes. Many 
of these genes take part in the intermediate steps of metabolism after substrate uptake. 
 

 
Figure S2-3: Glucose. The green curve denotes ptsG. 

acrA, bglA, bisC, ccmD, ccmE, 
cdh, cpxA, cyaY, dapB, dcp, 
fabI, fliY, ftsE, ftsY, galF, 
glgB, glmU, gltD, gor, gshB, 
gyrB, hemE, hemM, hisB, hrpA, 
infB, ispB, ksgA, lplA, mgtA, 
pgi, plsB, pnp, pnuC, prmA, 
proC, proW, ptsG, rbfA, rfaD, 
rimK, rne, rpoZ, slyD, sohB, 
sspB, valS, yagI, ybaB, ybbN, 
ybiU, yceG, ycfN, ydfG, yecC, 
yecM, yfcE, yfiF, yhfC, yhhK, 
yhhL, yiaJ, yjeK, yraL, yrbD, 
zwf 
 

 
 

 
Figure S2-4: Lactate. The green curve denotes lldP 

cbl, hisD, ilvG, 
lldD, lldP, lldR, 
lldR, mgtA, pta, 
putP, sbp, spoT, 
ybgH, yibO 
 

 

  
Figure S2-5: Maltose. The green curve denotes malE. 

flgB, lamB, malE, 
malF, malG, 
malK, malM, 
malP, malQ, 
malS, malZ, 
mglC, yjbA, yjcB 
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cspG, cyaA, fimB, fimC,  
fimI, galE, galK, galM,  
galP galS, galT, hybA,  
iclR, intD, malP, malQ,  
malZ, mcrB, mglA, mglB,  
mglC. pdhR, pstB, pstS, 
sdhC, sucD, yagU, ybbC,  
ydjA, yeaK, yeiG, yfiD, 
ygiA, yieI, yjiA, yjiT, 
ylaC, ylbA 
 

 
Figure S2-6: Galactose. The green curve denotes mglA. 
 
 

 
Figure S2-7: Glycerol. The green curve denotes glpQ. 

glpA, glpB, glpC, 
glpD, glpF, glpK, 
glpQ, glpT, tnaA, 
tnaL, yjjM 
 

 
 
 

 
Figure S2-8: Acetate. The green curve denotes acs. 

acs, aldB, aspA, 
cspD, glgS, hokB, 
phnB, rmf, ryjA, 
srlA, ugpB, xylF, 
ybaA, ycgK, ychH, 
ydcH, yeaH, ygeV, 
yhiE, yhiO, yjbJ, 
yjfN, yneB, yohC, 
ytfJ, ytfQ 
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E-4.  Hierarchical clustering of time-series gene expression data 
To further study the clusters determined by TimeSearcher we performed hierarchical 
clustering with optimal leaf ordering (Bar-Joseph et al. 2001; Eisen et al. 1998). Next, we 
examined the enrichment of different clusters for different Gene Ontology (GO) category 
annotations using the hypergeometric distribution to compute p-values.  Corrected p-values 
for multiple hypothesis testing were computed using a randomization procedure.  We 
observed three major expression clusters, denoted as A, B and C (see Figure 4; main 
manuscript). The details of GO analysis of genes in each cluster about these expression 
clusters are provided in Figures S2-9 to S2-11. 
 

 
Figure S2-9: GO analysis and p-values for Cluster A 
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Figure S2-10: GO analysis and p-values for Cluster B. 
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Figure S2-11: GO analysis and p-values for Cluster C. 
 

 

E-5.   Probabilistic clustering of time series data  

While hierarchical clustering is useful for visualizing and analyzing complete datasets, it is 
less appropriate for studying specific clusters since it is a greedy method that is sensitive to 
noise. To complement the hierarchical clustering results we have used a Hidden Markov 
Model (HMM) to cluster the data (Ernst et al. 2007).  Unlike in (Ernst et al. 2007) static 
transcription factor-gene association data was not used as part of the clustering model.  The 
HMM model was restricted such that each state of the model was associated with one time 
point, and every state had a transition to at least one state in the next time point and no more 
than three states.  Output distributions of each state were associated with a Gaussian 
distribution.  Genes were grouped into clusters such that each gene in the same cluster had the 
same most probable path through the HMM model.  A total of 16 clusters were identified, 
four of them are shown in Figures S2-12 to S2-19.   
 

 
 
 
Figure S2-12: Expression pattern for cluster 1 
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Error! 
 

 
 
Figure S2-13: GO enrichment table for cluster 1 
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Figure S2-14: Expression patterns for cluster 2 
 

 
Figure S2-15: GO enrichment table for cluster 2 
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Figure S2-16: Expression patterns for cluster 3 
 
 
 
 
 

 
 
Figure S2-17: GO enrichment table for cluster 3 
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Figure S2-18: Expression patterns for cluster 4 
 
 
 
 

 
 
 
Figure S2-19: GO enrichment table for cluster 4 
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E-6.   Stress response 
We also examined the expression profiles of stress response genes during stationary phase, 
when the stationary phase sigma factor RpoS controls the cellular physiology and complex 
gene regulatory network. In addition to the upregulation of genes responsible for glycerol and 
acetate uptake (Fig. 3-main manuscript), several other known genes for the stress response 
were also upregulated. For this we selected several genes (from Chang et al. 2002), which are 
shown to be upregulated during stationary phase stress response and compared their 
expression profile in our microarray data (Table S3). Our results (Figure S2-20) on mixed-
substrate microarray analysis also showed that several known genes during various stationary 
phase stress responses (osmotic stress, periplasmic shock, genes that help cell for long-term 
survival, universal stress) also show high expression pattern after cell reaches stationary 
phase; the expression pattern of these genes come down between 6 and 6.5 hrs and then go up 
again after 6.5 hrs. Thus, it can be concluded that E. coli cells display a dual stress response, a 
mild response prior to switching to the utilization of glycerol and acetate and a major one at 
the complete exhaustion of all substrates.  
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Figure S2-20: Gene expression profile of various genes known to be upregulated during stationary 
phase stress response.  

Biological functions of various genes shown in Figure S2-20: 
rpoS: RNA polymerase, sigma S (sigma38) factor; synthesis of many growth phase related 
proteins. Upon entry into stationary phase, the major adjustments in cellular physiology are 
controlled by complex regulatory network involving stationary phase sigma factor RpoS. 
 
Following genes are involved in survival of osmotic stress: 
otsA and otsB: trehalose-6-phosphate synthase and trehalose-6-phosphate phophatase, 
respectively.  
treC: trehalase 6-Phosphate hydrolase 
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treB: PTS system enzyme II, trehalose specific 
treA: trehalase, periplasmic 
osmY: hyperosmotically inducible periplasmic protein 
osmC: osmotically inducible protein 
osmB: osmotically inducible lipoprotein 
osmE: osmotically inducible protein 
 
Following genes help cells for long term survival: 
bolA: possible regulator of murein genes 
dps: global regulator, starvation conditions 
cbpA: curved DNA-binding protein; functions closely related to DnaJ 
glgS: glycogen biosynthesis, rpoS dependent 
 
Other genes induced during various stress response: 
cspD: stress induced DNA replication inhibitor. 
rpoE: RNA polymerase, sigma-E factor; heat shock and oxidative stress 
rseA: sigma-E factor, negative regulatory protein (induced during periplasmic shock) 
csrA: carbon storage regulator; controls glycogen synthesis, gluconeogenesis, cell size and 
surface properties 
wrbA: flavoprotein WrbA (Trp repressor binding protein) 
uspA: universal stress protein 
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