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A goal in recombinant protein production using Chinese hamster ovary (CHO) cells is to
achieve both high specific productivity and high cell density. Addition of glucose to the culture media is necessary to maintain both cell growth and viability. We varied the glucose
concentration in the media from 5 to 16 g/L and found that although specific productivity of
CHO-DG44 cells increased with the glucose level, the integrated viable cell density
decreased. To examine the biological basis of these results, we conducted a discovery proteomic study of CHO-DG44 cells grown under batch conditions in normal (5 g/L) or high
(15 g/L) glucose over 3, 6, and 9 days. Approximately 5,000 proteins were confidently identified against an mRNA-based CHO-DG44 specific proteome database, with 2,800 proteins
quantified with at least two peptides. A self-organizing map algorithm was used to deconvolute temporal expression profiles of quantitated proteins. Functional analysis of altered proteins suggested that differences in growth between the two glucose levels resulted from
changes in crosstalk between glucose metabolism, recombinant protein expression, and cell
death, providing an overall picture of the responses to high glucose environment. The high
glucose environment may enhance recombinant dihydrofolate reductase in CHO cells by upregulating NCK1 and down-regulating PRKRA, and may lower integrated viable cell density
by activating mitochondrial- and endoplasmic reticulum-mediated cell death pathways by
up-regulating HtrA2 and calpains. These proteins are suggested as potential targets for bioC 2015 American Institute of
engineering to enhance recombinant protein production. V
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Introduction
Chinese hamster ovary (CHO) cells are the most widely
used production cell line for the manufacture of recombinant
human biotherapeutic proteins because of their ability toexhibit proper protein folding and human-like post-translational
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modifications, in particular glycosylation.1 CHO cell production processes currently can reach titers in the grams per liter
range, more than a 100-fold increase over titers of the mid1980s.2 However, many studies have reported that very high
specific productivities, i.e., productivity of recombinant protein per cell,3 are accompanied with slowly growing cell
lines.4–10 A goal in recombinant protein production is to
achieve high specific productivity with enhanced cell density
of viable cells and culture longevity.11 It is, therefore, important to understand the reasons for the slow cell growth while
the specific productivity is high. One way, this can be
accomplished is by an in-depth examination of the biological
processes (BPs) involved by proteomic analysis.
The process of recombinant protein synthesis results in a
significant cellular energy demand, and further increases in
the specific productivity of protein production raise this
energy requirement further.12 Glucose is widely used as a
key energy source in serum-free chemically defined media;
however, with high levels of glucose, toxic metabolites from
C 2015 American Institute of Chemical Engineers
V
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glucose metabolism can be generated at levels that are detrimental to cell growth and protein synthesis.13 Abnormally
high levels of glucose can induce a series of specific cellular
responses. For example, increases in lactate production,13
reactive oxygen species (ROS),14,15 endoplasmic reticulum
(ER) stress,16 apoptosis,14,15 necrosis,17 and protein synthesis18 have been observed. Furthermore, CHO cells cultured
under normal or high glucose conditions behave as two very
different phenotypes in terms not only of glucose metabolism, but also of the level of recombinant protein synthesis
and cell death.18 However, because of the potential of nonenzymatic glycation of recombinant protein products,19 high
glucose media is generally not recommended for the cultivation of industrial cell lines. Nevertheless, high glucose concentration, in comparison with normal levels, can be a useful
model to explore key pathways that manipulate protein production and cell growth.
A number of proteomic studies have been published that
explore the biology of CHO cell lines used for production of
therapeutic proteins5,6,20–28 (reviewed in Ref. [29). These
studies have revealed many pathways that are involved in
diverse biological functions related to recombinant protein
production. To conduct such studies, the need exists for a
CHO cell proteome database with functional annotation. The
genomic sequence of several CHO cell lines, including
CHO-K1, DG44, and CHO-S30,31 and protein sequence databases32,33 of the CHO-K1 strain have recently become available. Here, we used an mRNA expression-based database for
CHO DG44 that was annotated to mouse homologues.
In this study, by culturing CHO-DG44 cells expressing
anti-CD20 monoclonal antibody (mAb) in media with 5, 8,
12, and 16 g/L glucose in batch mode, we observed
decreased integrated viable cell density (IVCD), increased
cell death, and higher specific productivity with increased
glucose concentration. To examine further the molecular
basis of these culture results, proteomic profiles of CHODG44 cells, expressing an empty vector containing the
recombinant dihydrofolate reductase (rDHFR) gene cultured
in 15 g/L glucose, were quantitatively compared with the
normal level of 5 g/L glucose-containing media across different cell-growth stages (exponential, stationary, and death),
as shown in Figure 1. Proteomic analysis resulted in the
identification of almost 5,000 nonredundant proteins, of
which 2,800 were quantified with at least two peptides. A
self-organizing map (SOM) algorithm was utilized for clustering and deconvolution of the temporal profiles of differentially regulated proteins when comparing the two
concentration levels of glucose. Key regulatory proteins
involved in crosstalk between glucose metabolism, antioxidant response, recombinant protein expression, and cell death
were observed. These findings provide novel insight and
potential protein targets, such as NCK1, PRKRA, high temperature requirement A 2 (HtrA2), and calpains, for cell
engineering to enhance simultaneously specific productivity
of recombinant protein and cell growth in CHO cells.

Materials and Methods
Materials
Formic acid, triethylammonium bicarbonate (TEAB),
dithiothreitol, iodoacetamide, and ammonia were purchased
from Sigma (St. Louis, MO). Sequence-grade modified trypsin was obtained from Promega (Madison, WI), and the
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bicinchoninic acid (BCA) protein assay kit was from Pierce
(Rockford, IL). RapiGestTM SF surfactant was from Waters
Corporation (Milford, MA). Liquid chromatography-mass
spectroscopy (LC-MS) grade water was purchased from J. T.
Baker (Phillipsburg, NJ), and LC-MS grade acetonitrile was
from VWR (West Chester, PA). The tandem mass tag
(TMT) 6-plex kit was obtained from Thermo Fisher Scientific (Rockford, IL).
CHO-DG44 cell culture
CHO-DG44 cells were purchased from Life Technologies
(A11000-01) and grown in 250-mL shake flasks (Corning,
Tewksbury, MA) containing 50 mL of serum-free culture
medium (Gibco CD DG44 Medium) with L-glutamine and
Pluronic F-68 and incubated in a Multitron II orbital shaker
(ATR, Laurel, MD) set at 37 8C and 5% CO2. Cultures were
grown under batch conditions (no additional feeding following Day 0), seeded at 5 3 105 cells/mL with different concentrations of glucose added to the medium. Cell cultures
used for proteomics analysis were cultured in media containing 5 or 15 g/L glucose and harvested on Day 3, 6, and 9.
Five milliliters of each sample was then centrifuged at
1,000 rpm to pellet the cells, with the pellet stored at 280
8C until needed. Prior to conducting this study, CHO-DG44
cells were stably transfected with a previously reported34
plasmid vector containing an anti-CD20 mAb gene sequence
(bioreactor studies) or an empty plasmid vector without no
transgene expressed (proteomic studies) containing the
DHFR gene controlled by a cytomegalovirus promoter. Viable cell densities (VCDs) were measured using a Multisizer
Coulter Counter (Beckman Coulter, Fullerton, CA). Lactate
dehydrogenase (LDH) assay was performed using a CytoTox
96V R non-radio cytotoxicity LDH Assay (Promega) according to the manufacturer’s recommendation. The amount of
harvested anti-CD20 mAb was quantified using a Bradford
assay kit (Bio-Rad Laboratories, Hercules, CA) with a previously purified and quantified (ultraviolet absorbance at
280 nm) anti-CD20 mAb as a standard.
Cell lysis, protein digestion, and peptide labeling
A pellet consisting of approximately 5,000,000 cells was
reconstituted in 0.1% w/v RapiGest in 500 mM TEAB and
heated at 95 8C for 5 min. After cooling on ice, the reconstituted pellet was sonicated for 90 s in an ice-bath (1 s sonication and 4 s rest, 30 s sonication per cycle, three cycles in
total). Next, the homogenized solution was centrifuged at
16,000g for 10 min, and the supernatant was aspirated. The
protein concentration in the supernatant was determined
using the BCA protein assay, with the lysis buffer being
used to eliminate any background absorbance from the RapiGest and TEAB. The extracted protein solution was then
reduced with a final concentration of 5 mM dithiothreitol at
60 8C for 30 min and alkylated with a final concentration of
15 mM of iodoacetamide in the dark at room temperature
for 30 min. Tryptic digestion was performed overnight with
the enzyme to protein ratio of 1:40 (w/w) at 37 8C.
Protein digests (100 mg per TMT channel) from cell cultures of four cell growth time points (Days 0, 3, 6, and 9) in
high or normal glucose media were labeled with 4 TMT
channels (127, 128, 129, and 130, respectively) from the
TMT 6-plex kit (Table 1), according to the manufacturer’s
instructions. A globally pooled peptide mixture from all the
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Table 1. TMT Labeling
High glucose (HG)
Normal glucose (NG)

127

128

129

130

131

Day 0 (H)
Day 0 (N)

Day 3 (H)
Day 3 (N)

Day 6 (H)
Day 6 (N)

Day 9 (H)
Day 9 (N)

Replicate*
Replicate*

Replicate*: pooled sample of all eight samples.

eight samples (two glucose concentrations, each with four
time points) was labeled with one TMT channel (131) as
replicates in all experiments. All five TMT channels were
mixed together in equal amounts based upon the starting protein concentration (BCA assay). The mixture was acidified
using trifluoroacetic acid to pH < 2 and incubated for 45 min
at 37 8C to promote hydrolysis of the Rapigest. The hydrolyzed Rapigest was next precipitated by centrifugation at
14,000g for 10 min, and the supernatant was carefully aspirated and stored at 280 8C prior to LC-MS analysis.
2D LC-MS/MS
About 200 mg of labeled and pooled protein digest was
analyzed by two-dimensional high pH/low pH reversed
phase/reversed phase (RP/RP) LC35 coupled to a hybrid
LTQ Orbitrap XL mass spectrometer (Thermo Fisher Scientific). The pooled protein digest was initially fractionated by
high pH RPLC using a narrow bore Gemini C18 column
(15 cm 3 1.0 mm i.d., 5 mm particle size, 110 Å pore size;
Phenomenex, Torrance, CA). The platform consisted of an
Ultimate LC pump (Dionex, Thermo Fisher Scientific), an
Agilent 1200 series diode array detector (Agilent Technologies, Santa Clara, CA) and a Gilson FC 203B fraction collector (Middleton, WI). Mobile phases A and B were 20 mM
ammonium formate in water, pH 10, and 20 mM ammonium
formate in 90% acetonitrile/10% water, respectively. A
three-step linear gradient was used for the separation at 150
mL/min (4% B to 10% B in 2 min, 10% B to 45% B in 33
min, and 45% B to 100% B in 2 min). Twenty eight fractions were collected in 90-s intervals across the LC gradient.
Based on the UV (214 nm) intensity profile, fractions were
merged to 22 comparable peptide level fractions for analysis
in the second-dimension low-pH LC-MS analysis. Each fraction was centrifuged to dryness under vacuum and stored at
280 8C until analysis.
For the second dimension nanoLC-MS analysis, each aliquot was reconstituted in 7 mL of 0.1% formic acid in water,
and 5 mL was injected. The low-pH RPLC platform was
composed of an Ultimate 3000 LC pump (Dionex) and a
self-packed C18 column (20 cm 3 75 mm ID column, 5 mm
300 Å Vydac C18 particles; Grace Davison Discovery Sciences, Deerfield, IL). Mobile phases C and D were 0.1% formic acid in water and 0.1% formic acid in acetonitrile,
respectively. A four-step linear gradient was used for the
separation (2% D to 6% D in 2 min, 6% D to 24% D in 240
min, 24% D to 40% D in 18 min, and 40% D to 80% D in 2
min). The flow rate was maintained at 300 nL/min during
loading and desalting and then reduced to 200 nL/min for
the separation.
MS data were collected in data-dependent mode, with a
survey MS scan, followed by five collision-induced dissociation (CID) and five higher-energy collisional dissociation
(HCD) MS/MS scans for the five most intense precursor
ions. Full MS scans were acquired in the Orbitrap, with a
resolution of 15,000 at m/z 400. CID spectra were obtained
in the LTQ with normalized collision energy of 35%. HCD

spectra were acquired in the Orbitrap with resolution 7,500
at m/z 400, an isolation window of 1.5 Da, an automatic
gain control target of 5E4, with a maximum ion injection
time 500 ms and normalized collision energy of 48%.
Construction and annotation of CHO-DG44 cell
proteome database
CHO-DG44 transcriptome sequences were pooled from
published transcriptome data36 and in-house sequencing data
by Roche 454 (Branford, CT) using 50-base, single-end runs.
The final transcriptome data were assembled using CLC
Genomics Workbench Version 4 (http://www.clcbio.com/)
with the NCBI mouse RefSeq set of transcripts (http://www.
ncbi.nlm.nih.gov/refseq/) as reference. For annotating the
resulting CHO transcript, the same mouse sequences that led
to the creation of the CHO read in the CLC Genomics software were used. The RNA transcripts were translated to protein sequences using ESTScan version 3.0,37 to predict
protein coding regions from nucleotide sequences. For
ESTScan unassigned transcripts, the translated longest open
reading frame was considered as the protein sequence.38
Protein identification and quantitation
Raw files were processed by Proteome Discoverer version
1.3 (Thermo Fisher Scientific). MS/MS spectra were
searched using Mascot 2.3 against the in-house curated
CHO-DG44 database. Cysteine carbamidomethylation (157
Da) and 6-plex TMT (1299 Da) modification at the N-terminal and e-amino residues on the side chain of lysines were
set as fixed modifications. Up to two missed cleavages were
allowed for tryptic digestion. Both HCD and CID MS/MS
spectra were combined and used for peptide identification.
Mass tolerances were set at 10 ppm for the precursor ions,
0.8 Da for the fragment ions in the CID-MS2 spectra, and
0.05 Da for the fragment ions in the HCD-MS2 spectra. A
MASCOT ion score of  20 was used as criterion for each
peptide. The false discovery rate (FDR) in peptide identification was controlled to below 1% by Proteome Discoverer 1.3
using a decoy database.39 Only proteins containing unique
peptides were considered.
Relative peptide quantitation was performed using Proteome Discoverer 1.3. Briefly, the peak intensities of TMT
reporter ions in HCD-MS2 spectra were extracted and integrated with 10 mmu mass tolerance using the “centroid
sum” mode. The isotope correction matrix for 6-plex TMT
was used. Relative peptide abundances were determined by
the ratios of peak intensities of the reporter ions, with channels 128, 129, and 130 representing samples from Day 3, 6,
and 9, respectively, relative to the samples from Day 0
(channel 127). The protein ratio was estimated from the
median of the “unique peptide spectral match” ratios for the
given protein. In the case where an even number of the
unique peptide spectral match ratios existed, the geometric
mean of the two middle ratios was calculated by Proteome
Discoverer. Experimental bias correction based on the
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Table 2. Calculation of Expression Ratio of High Glucose/Normal Glucose Over Time Course
Day 3
Day 3 ðHÞ=Day 0 ðHÞ
Day 3 ðN Þ=Day 0 ðN Þ

Day 6

Day 9

Replicate

Day 6 ðHÞ=Day 0 ðHÞ
Day 6 ðN Þ=Day 0 ðN Þ

Day 9 ðHÞ=Day 0 ðH Þ
Day 9 ðN Þ=Day 0 ðN Þ

Replicate=Day 0 ðH Þ
Replicate=Day 0 ðN Þ

protein median was also active, and the median protein ratio
was normalized to 1.
Through the procedures described earlier, we calculated
the ratio of 128/127, 129/127, 130/127, and 131/127 in each
glucose concentration, representing the protein expression
ratio of Day 3, 6, and 9, respectively, to Day 0 and the corresponding replicate. We thus obtained protein temporal profiles within each glucose concentration. Here, we considered
the Day 0 time point, the inoculum, as the beginning of cell
culture (before the addition of any glucose). As both cultures
were prepared from this single inoculum, cells on Day 0 are
biologically identical between the two conditions.
For a protein at each time point, we obtained a protein
expression ratio R(H) 5 Day x(H)/Day 0(H) in high glucose
concentration and R(N) 5 Day x(N)/Day 0(N) in normal glucose concentration. Because cells on Day 0 are biologically
identical between the two conditions, we calculated R(H)/R(N)
to obtain the differential expression of this protein between
high and normal glucose concentrations on Day x (Table 2).
The temporal trend across the three time points of protein
expression ratios between the two glucose concentrations
were clustered based on the SOMs algorithm. Proteins with
significantly up- or down- regulation trends between two glucose concentrations were proposed as the functionally associated proteins.
Self-organizing maps
The two technical replicate ratios for common proteins
were pooled. The total number of common proteins falling
within a range of variations (namely, 10%, 20%, 30%, etc.)
from the population mean, 1, was calculated.40
The temporal profiles of quantified protein expression
ratios between two glucose concentrations were then submitted to the GenePattern platform41 for further cluster analysis.
An unsupervised learning approach, SOM,42,43 was utilized
to deconvolute the temporal profiles of protein expression
patterns across the three cell-growth phases (3, 6, and 9
days). To generate reproducible clustering results, the major
parameters for SOM algorithm were set according to the recommended parameters by the SOMClustering algorithm (version 2).44 The number of clusters was set at five, and seed
for the random number generator was set at 42. Random
vectors were used to select initial random centroids. Alpha
initial and final values were set at 0.1 and 0.005, respectively, and sigma initial and final values were set at 5.0 and
0.5, respectively. The top two clusters generated by SOM,
representing statistically significantly up- or down- regulated
proteins between the CHO cell cultures (high vs. normal glucose conditions) over the three cell growth phases, were
selected for biological function analysis.
Gene ontology enrichment and ingenuity pathway analysis
Biological analysis was performed using Database for
Annotation, Visualization, and Integrated Discovery (DAVID;
http://david.abcc.ncifcrf.gov/tools.jsp)45,46 and Ingenuity PathR Systems, Redwood City, CA,
way Analysis (IPA, IngenuityV

http://www.ingenuity.com). In DAVID, the function of quantitated CHO cell proteins were analyzed based on the corresponding mouse homologue RefSeq annotation. Gene
ontology (GO)47 terms and KEGG pathways (http://www.
kegg.jp/) in DAVID were visualized using an Enrichment
Map48 plug-in in Cytoscape49 with suggested parameters. In
IPA, experimental data from human, mouse, and rat
were used for analysis of protein pathways and networks.
A P-value of 0.05 was selected as the significant threshold for
pathway analysis in IPA.

Results
Characterization of cell culture responses
Initial investigations focused on the characterization of the
cellular responses to the high glucose environment by monitoring IVCD, LDH activity in cell culture supernatants, and
specific productivity (Figure 2). We batch cultured in duplicate CHO-DG44 cells expressing anti-CD20 mAb in media
with 5, 8, 12, and 16 g/L glucose. When the glucose concentration increased from 5 to 16 g/L, IVCD decreased by 46%
(Figure 2A) and LDH activity in cell culture supernatant, a
measure of cell death, increased (Figure 2B), whereas specific productivity increased by 56% (Figure 2C). As
expected, increased glucose levels in the media induced not
only lower levels of IVCD from higher levels of the cell
death, but at the same time, higher levels of recombinant
protein synthesis per cell in the CHO-DG44 cell line. Efforts
were made to ensure reproducibility in cell cultures, including cell growth curves, viability of cells, and other parameters, to achieve a biologically repeatable process of each
phenotype in a well-controlled bench-top scale. The standard
error of the mean (Supporting Information Table S1) for
each data point is included as y-error bars (Figure 2), indicating good biological reproducibility.
Cell cultures for LC-MS analysis
To elucidate the general cellular response differences (i.e.,
independent of the specific recombinant protein product)
between normal and high glucose concentrations, we used
CHO-DG44 cell line only expressing DHFR50 on a plasmid
vector devoid of any transgene as a model system. It has
been shown that cell lines expressing only rDHFR often
exhibit different cellular behaviors compared with their
counterparts expressing mAb in addition to rDHFR.51 Cell
lines expressing different biologics could exhibit different
cellular behaviors. However, the pathways with glucose susceptibility are expected to be similar in both conditions.
Therefore, cells with an empty expression vector were used
to eliminate the high background attributable to the recombinant protein while allowing relevant measurements of cell
productivity. Also, because this project was the initial investigation, we used batch culture, which is the basic mode of
cell culture and is easy to control. Although it is different
from other used culture modes, the pathways responding to
high glucose elucidated here should provide hypotheses to
be tested in other modes.
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Figure 1. Workflow of comparative proteomics.

For simplicity, a glucose concentration of 5 g/L was chosen as the normal level because it has been widely used for
CHO cell culture in biopharmaceutical industry and 15 g/L
as the higher level, according to the above experimental
results of cell culture.
The cell growth responses during the batch mode cell culture to the two glucose media concentrations were examined
by monitoring IVCD and VCD, as shown in Figure 3. Similar to the results in Figure 2A, IVCD of the cell culture
decreased in high glucose media, relative to normal glucose
media (Figure 3A). In addition, the high glucose culture had
a reduced VCD (Figure 3B), indicating that a higher glucose
level led to lower cell growth, in agreement with what was
found previously.18 A good reproducibility of cell culture
parameters, such as IVCD and VCD, between batches was
observed, as depicted in Figure 3 by the very narrow error
bars (see associated numbers in Supporting Information
Table S2), again indicating the key cell culture conditions
were well controlled between biological replicates.
Cells from four time points, Days 0, 3, 6, and 9, were analyzed by comparative proteomics (Figure 1). The use of the
high-resolution 2D-RP/RPLC-MS platform allowed high
coverage of the CHO cell proteome. CID and HCD spectra
from the LTQ Orbitrap XL were combined to increase peptide identification, and HCD spectra were used for reporter
ion quantitation. To reduce potential interference for reporter
ions, a narrow isolation window of 1.5 m/z was selected.52,53
Protein identification and quantitation
The constructed CHO-DG44 database contains 16,357 protein entries, annotated from mouse RefSeq sequences. Based
on more than 34,700 unique peptides with 1% FDR,39 4,986
nonredundant proteins were identified, with 3,910 proteins
overlapping between the two experiments. (Only proteins
that were quantified at all four time points were included.)
Proteins detected in only one condition could represent genes

with all-or-none expression and, thus, play significant roles
in determining the cell physiology under different conditions.
However, the limited detection could result from an insufficient sampling capability of the data-dependent proteomics
method. To obtain an accurate ratio for the following analyses, only proteins detected in both conditions were included.
Statistical and biological analyses were performed for 2,800
proteins quantified with at least two peptides in both the
high and normal glucose samples.
A commonly selected threshold for significant change, 1.2
fold,54–58 was chosen in this work. To estimate the technical
variation of the TMT-based quantitative method, a globally
pooled mixture from all samples was labeled with TMT-131
and mixed equally (based on mass) with the other TMTlabeled samples for Days 0, 3, 6, and 9. As shown in Supporting Information Figure S1, more than 92% of the protein
ratios derived from technical replicates showed less than
20% variance from the nominal ratio (1:1), in agreement
with what has been reported by others,40 suggesting overall
good technical reproducibility.

Self-organizing map clustering
As described earlier, the relative protein expression levels
were normalized to the Day 0 time point. The temporal
expression profiles of protein ratios from high vs. normal
glucose levels were clustered using the SOM algorithm.42
The SOM is a clustering algorithm with unsupervised learning that converts complex, nonlinear statistical relationships
between high-dimensional data sets into simple geometric
relationships with a nonlinear low-dimensional display,42,43
i.e., protein expression patterns. The SOM clustering algorithm used for downstream analysis allows us to track
expression trends of proteins that showed significant changes
for two glucose treatments across the three time points over
the duration of the batch culture. This trend analysis relies
on sampling at multiple time points after treatment in
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contrast to sampling replicates at the same point in time,
which is commonly used for differential expression analysis.
Additionally, the temporal approach used herein requires that
proteomic data generated across the time points be highly
correlated with the cell growth parameters. The necessity for
this high correlation further ensures confidence in the differential proteomics data and the associated inference of differential cell biology resulting from culture in media containing
low or high concentrations of glucose.
We tested three to seven clusters for SOM. We found that
five clusters represent a good compromise between the sensitivity (detection of differential proteins using above threshold)
and specificity (less nondifferential proteins were involved
into the list of up- or down-regulated protein clusters). When
we used three clusters, we found many differential proteins
(high sensitivity), but poor specificity (many nondifferential
proteins were included). When we used seven clusters, we
found that the differential proteins from top clusters are generally further classified based on the extent of fold-of-change,
and that they are all significantly changed proteins, suggesting
that further clustering is redundant. Five SOM clusters (Figure
4) indicate different protein responses across the cell culture
lifespan (Days 3, 6, and 9). The protein ratios after SOM clustering showed the temporal expression patterns of the molecular responses. Proteins in SOM cluster 1, on average,
increased in relative expression in high glucose media (upregulated with time). In contrast, proteins in SOM cluster 5,
on average, decreased (down-regulated with time). For proteins in SOM clusters 2, 3, and 4, most of the fold-changes
fell within the 20% variance of the nominal ratio (1:1) and,
thus, were considered not to be significantly changed. SOM
clusters 1 and 5 consisted of 214 up- and 308 down- regulated
proteins, respectively (Supporting Information Table S4).
Scatter plots of protein expressions between technical replicates or between samples in different days from 5 g/L and
15 g/L glucose media, as shown in Supporting Information
Figure S2, demonstrated that expression changes of proteins
in SOM clusters 1 and 5 resulted from different glucose concentrations in the media. In the scatter plot of replicate 1 vs.
replicate 2, up-regulated proteins (red dots) and downregulated proteins (green dots) are randomly overlapped due
to the technical variation; however, in the scatter plots of
5 g/L vs. 15 g/L samples on Day 3, 6, and 9, the red and
green dots are gradually separated into the >1.2 fold area
and the <0.83 fold area, respectively. These observations
agree with the up-regulated and down-regulated patterns of
relative expression of proteins from cluster 1 or 5 across
three stages, respectively, as shown in Figure 4.
The strict data analysis methods used in this article
reduced potential over-statement of the results. One approach
was the SOM clustering algorithm used for downstream
analysis. Conventional differential proteomic studies contain
two phenotypes, e.g., before and after treatment. Only one
time point after treatment is generally selected and biologically repeated two or more times. The trend analysis used in
this article relies on sampling at multiple time points, and
only proteins showing robust changes across all three time
points were selected. Additionally, the temporal approach
used here requires that proteomic data generated across the
time points be highly correlated with the cell growth parameters. This high correlation further ensures confidence in the
differential proteomic data and associated inference of differential cell biology. The other approach was pathway analysis. All results presented in this article are based on the
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changes of multiple proteins in interacted pathway networks, rather than on the changes of random proteins. These
two approaches increased the reliability of the results. The
biological functions related to these proteins are discussed
later.

Discussion
Gene ontology analysis
Proteins in clusters 1 and 5 were separately inputted into
DAVID for functional enrichment analysis. The significantly
enriched GO terms were filtered by FDR values less than 5%
and visualized by a Cytoscape plug-in, Enrichment Map,48 as
shown in Figure 5. As discussed later, the GO terms in clusters
1 and 5 agree with the literature, supporting the clustering.
For the up-regulated proteins from SOM cluster 1, the
enriched GO terms (Figure 5A) were classified into three
categories: (1) BPs such as lipid biosynthesis and oxidation
reduction; (2) cellular components such as mitochondria, ER,
and membrane-bounded vehicle; and (3) molecular function
such as glutathione transferase. BPs related to lipid synthesis,
e.g., cholesterol biosynthesis and fatty acid metabolic processes, were found up-regulated in the CHO cells under the
high glucose condition, relative to the normal concentration
of glucose in the media. Such phenomena were also
observed in renal proximal tubular cells59 or macrophages.60
Oxidation-reduction was up-regulated in CHO cells under
the high glucose condition, likely because such a reaction is
involved in glucose metabolism, lipid biosynthesis, and
antioxidant response. Glutathione transferases, as the major
antioxidant enzymes in glutathione-mediated detoxification
of ROS, were found up-regulated under the high glucose
condition. Such high glucose-induced up-regulation of the
antioxidant response has been also reported in retinal pigmented epithelium cells.61 In terms of localization, proteins
in mitochondria, such as various NADH dehydrogenases and
cytochrome C, were significantly enriched in the upregulated protein cluster 1 in response to the high glucose
stress, indicating their important roles in this subcellular
organelle where oxidative phosphorylation and ROS generation occur.62 Proteins in ER and Golgi (a membranebounded vehicle), such as 7-dehydrocholesterol reductase, 3keto-steroid reductase, lathosterol oxidase, and fatty acid
synthase, largely associated with the process of lipid synthesis,63 were also up-regulated in protein cluster 1.
The enriched GO terms derived from down-regulated proteins in SOM cluster 5 (Figure 5B) were grouped into three
BP clusters (chromosome organization, RNA processing, and
protein transport) and three cellular component clusters
(nuclear, mitochondria, and lysosome). CHO cells in the
high glucose environment showed lower VCD, accompanied
by down-regulated nuclear-associated processes such as
chromosome organization, RNA processing, and protein
transport, which have been previously associated with slower
proliferation of cancer cells.64,65 Furthermore, downregulated mitochondrial proteins included many transporters
such as voltage-dependent anion-selective channel proteins,
mitochondrial import inner membrane translocase, and mitochondrial glutamate carrier 1, suggesting oxidative stressinduced mitochondrial dysfunction.62 In addition, many lysosome enzymes involved in the breakdown of proteins and
lipids were down-regulated, suggesting the down-regulation
of lysosomal function in CHO cells under high glucose
condition.
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Figure 3. The integrated viable cell density (IVCD) (A) and
viable cell density (VCD) (B) from biological replicates for batch mode cell cultures for both 5 and
15 g/L glucose media. Error bars represent 6 SEM
(standard error of the mean, n 5 2).

Figure 2. CHO-DG44 cell culture responses to increasing glucose concentration from 5 to 16 g/L in media.
A. Integrated viable cell density (IVCD) decreased. B. specific
LDH activity (LDH activity/IVCD) in media supernatant
increased. C. Specific productivity (protein production/IVCD)
increased. Error bars represent 6 SEM (standard error of the
mean, n 5 2).

The above enriched GO terms for up- and down-regulated
proteins are tightly related to glucose metabolism, protein
synthesis, and cell death. To understand how crosstalk could
potentially impact cell growth and recombinant protein productivity inversely, we analyzed the key protein pathways
and their downstream biological effects using IPA and
DAVID.
Elevated oxidative phosphorylation and detoxification
pathways in the high glucose condition
The 15 g/L concentration of glucose in the media, when
compared with 5 g/L, seemed to enhance the expression of

many proteins involved in oxidative phosphorylation and
glutathione-mediated detoxification during cell culture (Figure 6A). The observed up-regulation of oxidative phosphorylation (Supporting Information Figure S3) indicates that,
with the increase in media concentration, more glucose was
oxidized in the aerobic respiration pathways, subsequently
leading to an increased production of potentially harmful
ROS by-products.66,67 The up-regulation of the glutathionemediated detoxification system (Supporting Information Figure S3) could be an adapted response to relieve the higher
oxidative stress from the high glucose environment, although
it is not expected to reverse the oxidative damage.68
Changes of rDHFR, NCK1, and PRKRA in the high
glucose condition
It has been reported that high levels of ROS can induce
ER stress, likely due to disturbed calcium homeostasis.69 ER
stress can activate a cellular stress response, the unfolded
protein response (UPR), which decreases protein synthesis
and activates protein degradation pathways.70 Interestingly,
CHO cells in high glucose media had a lower level of UPR.
For the ubiquitin pathway, one of the major UPR pathways,
five proteins were up-regulated, but nine were downregulated (Supporting Information Figure S3), suggesting the
down-regulation of protein degradation.
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Figure 4.
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Five protein SOM clusters generated by GenePattern. The changes of 1.2-fold and 0.83-fold are highlighted by dotted lines.

Figure 5. GO term enrichment in SOM clusters 1 (A) and 5 (B). BP: biological process; CC: cellular component; MF: molecular
function.

The recombinant protein expressed in this CHO cell line,
DHFR, was found in SOM cluster 1, and its levels were elevated in cells cultured in high glucose media as a function of
cultivation time (Supporting Information Table S1). Usually, to
facilitate the expression of the protein of interest in CHODG44 cells, the endogenous DHFR gene is deleted, and at the
same time, the recombinant DHFR gene is incorporated into
the expression vector. Because rDHFR is co-expressed with the
gene of interest, the expression level of DHFR was used as an
initial selection marker for high-production cell lines.71 For the
CHO-DG44 cell line used here, increased rDHFR expression in
cells with the empty vector in high glucose media identified in
proteomic study agreed with increased specific productivity levels in cells with IgG co-expressed (Figure 2).
Changes of other proteins involved in protein translation
and folding also suggested enhanced recombinant protein
expression with high glucose concentration. EIF2B2 (eukaryotic translation initiation factor 2B subunit 1 beta) was present in cluster 1, likely suggesting enhanced protein
translation in high glucose cell culture. Furthermore, ER proteins involved in protein folding, e.g., FKBP7 (FK506-binding proteins 7), FKBP14, and calumenin, were up-regulated
on all three days (in SOM cluster 1), likely suggesting upregulated protein folding activity in the ER.
The up-regulation of NCK1 (noncatalytic region of tyrosine kinase adaptor protein 1) and down-regulation of
PRKRA (protein kinase, interferon-inducible double stranded

RNA dependent activator) in the high glucose cell culture
were observed (Figure 6B). NCK1 is involved in signal
transduction from receptor tyrosine kinases to downstream
signaling pathways, regulating protein translation by modulating PERK (protein kinase RNA-like ER kinase), the latter
of which inhibits translation initiation through phosphorylation of EIF2a (eukaryotic initiation factor 2a).72,73 Overexpression of NCK1 has been demonstrated to inhibit
transactivation of UPR related genes and to activate
recombinant protein translation, thereby accelerating cell
death under ER stress.72,73 On the other hand, PRKRA (in
SOM cluster 5) was highly down-regulated during the entire
cell culture in the high glucose sample. The deactivation of
PKR (protein kinase R) by PRKRA decreases UPR and
recombinant protein expression.74 High-production cell lines
have been observed to be associated with inhibited UPR, but
the detailed mechanism is not clear.75 Our findings suggest
that it may be due, in part, to up-regulation of NCK1
and PRKRA. In addition, because both proteins affect
recombinant protein expression through the regulation of
phosphorylation signaling,72–74 phosphoproteomics could
potentially be helpful to detail the associated signaling transduction pathways.
In summary, the up-regulation of NCK1 and downregulation of PRKRA in the high glucose sample seem to
contribute to the enhancement of rDHFR expression and
likely compromised the activation of UPR for ER stress
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Figure 6. A simplified representation of interactions among glucose metabolism, recombinant protein expression, and cell death.
A. Glucose metabolism and antioxidant response. B. Recombinant protein expression. C. Cell death.

alleviation. ER stress as well as previously discussed oxidative stress could increase cell death.

Activated mitochondria- and ER-mediated cell death
pathways
Analysis of the proteomic results suggested that the lower
cell growth under the altered glucose metabolism induced by
high glucose conditions likely resulted from higher cell death
activated by mitochondria- and ER- mediated cell death
pathways (Figure 6C). Up-regulated HtrA2 (in SOM cluster
1) correlated with high glucose induced cell death, suggesting the activation of mitochondria-mediated apoptosis in
response to enhanced ROS production.76–78 In agreement
with this observation, the activators of cIAP, nuclear factor
kappa-B (NFKB) 1 and 2 were down-regulated (in SOM
cluster 5),79 further contributing to apoptosis.
At the same time, up-regulated calpains (Capn1 and Capn5)
were observed during high glucose induced cell death, suggesting that ER stress-mediated apoptosis and necrosis were also
activated. Capn1 was up-regulated and its inhibitor, calpastatin,80 down-regulated, both on Day 6. On the other hand,
Capn5 (in SOM cluster 1) was up-regulated on all three days.
The calpain family, a group of calcium-activated cysteine proteases, can enhance caspase-independent necrosis,17,81 along
with contributing to apoptosis.69,82 In support of the above
findings, high glucose has been reported to initiate necrosis by
increasing the expression of Capn1, Capn2, and Capn10 (the

analogue of Capn5 in a small subgroup) in pig kidney epithelial cells (LLC-PK1).17 In addition, ROS H2O2 can cause
necrosis of pancreatic acinar cells via increasing the expression
of Capn1 and Capn2.81 The function of Capn5 has not been
well understood, except that the nematode orthologue of
Capn5 has been known to facilitate necrotic cell death in Caenorhabditis elegans.83

Genetic engineering strategies to increase recombinant
protein productivity
Throughout the proteomic study of CHO cells grown
under normal and high glucose-containing media, several
key regulators that control protein synthesis and cell deathrelated pathways were observed. Considering increased nonenzymatic glycation modifications on recombinant protein
products under a higher concentration of glucose in the
media,19 we do not recommend achieving an optimized productivity by increasing glucose concentration in media.
However, key proteins can be targeted as potential candidates for cell engineering not only to increase specific productivity but also to prevent cells from apoptosis or necrosis
under the processes with normal glucose concentration. On
the one hand, over-expression of NCK1 and knockdown of
PRKRA (e.g., by small-interfering RNA, zinc finger proteins,
etc.) could potentially lead to an enhanced specific productivity in CHO cells. On the other hand, HtrA2 and calpains
(Capn1 and Capn5) can be potential knockdown targets to
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inhibit cell death mediated by mitochondria dysfunction and
ER stress, respectively, in CHO cell cultures.
In support of our results, engineering strategies targeting
the above proteins have shown promising results in other
cell lines. For example, over-expression of NCK1 has been
demonstrated to increase recombinant protein expression in
human embryonic kidney 293 (HEK293) cells and mouse
embryonic fibroblast cells.73 Down-regulation of PRKRA
was found to enhance recombinant protein expression in
HT1080 fibrosarcoma cells.74 Silencing HtrA2 using siRNA
reduces apoptosis induced by ultraviolet irradiation in U2OS
cells (osteosarcoma cell line).77 Inhibition of calpain 1 and 2
attenuates cell death induced by oxidative stress.81 Therefore, manipulating these proteins could potentially improve
recombinant protein productivity in CHO cells cultured even
in normal conditions.
Currently, efforts in cell engineering to improve recombinant protein synthesis mainly focus on recombinant protein
folding and secretion.12 The manipulation of the protein
translation machinery has been seldom reported, probably
due to the complicated regulation and lack of potential individual protein/gene targets such as NCK1 or PRKRA shown
here. Though reduction of cell death pathways has been a
focused target of cell engineering, efforts have mainly centered on the death receptor- and mitochondrial-mediated apoptosis,12 with one exception reporting the attempt to reduce
ER-mediated apoptosis through down-regulation of ALG2
(alpha-1,3-mannosyltransferase).84 In this study, beside the
up-regulation of HtrA2 in mitochondrial-mediated apoptosis
in CHO cells, our results suggest that cell death in CHO
cells can also be influenced by ER stress through upregulation of calpains, which can lead to caspaseindependent necrosis.17 This auxiliary cell death pathway
needs to be also considered when anti-cell death strategies
are attempted to reduce cell death using genetic engineering.

Conclusions
In this article, we have demonstrated the power of quantitative proteomics to elucidate the crosstalk among critical
pathways in the process of CHO cell culture. Usually, CHO
cell culture grown in high glucose containing media is not
recommended for biopharmaceutical manufacturing due to
the potential glycation modifications on recombinant proteins. However, the CHO cells grown in the above processes
(normal or high glucose containing media) were utilized as a
bioprocessing model for the study of pathway crosstalk
among glucose metabolism, recombinant protein synthesis,
and cell death. We have attempted to unveil the proteomic
changes of CHO-DG44 cells in response to elevated glucose
levels in media over the span of the cell culture. An annotated protein sequence database derived from CHO-DG44
transcriptomic data was constructed to facilitate the identification of CHO-DG44 specific proteins. Using 2D RP/RPLC
coupled to an LTQ Orbitrap XL mass spectrometer, we identified nearly 5,000 proteins and quantitated 2,800 with at
least two peptides for downstream analysis. Although many
previous articles studied a portion of cellular responses to
high glucose environment, the findings in this article
revealed crosstalk of these pathways through a systematic
analysis. Pathway analysis revealed that in CHO cells cultured in high glucose media (15 g/L), oxidative phosphorylation and antioxidant response pathways were up-regulated
when compared with the normal glucose media (5 g/L).
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Enhanced rDHFR expression was found in CHO cells in
high glucose media, likely linked to the up-regulation of
NCK1 and down-regulation of PRKRA. In addition,
increased oxidative stress and recombinant protein expression affected biological functions in the mitochondria and
ER, likely activating the mitochondria- and ER- mediated
cell death pathways through the up-regulation of HtrA2 and
calpains, respectively. Potential genetic engineering strategies for improved protein productivity and cell growth have
been proposed. Specific productivity of recombinant proteins
could potentially be enhanced by over-expression of NCK1
and knockdown of PRKRA, and cell death may be inhibited
when knocking down HtrA2 and calpains (e.g., Capn1 and
Capn5) in CHO cells.
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reactive oxygen species
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