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Abstract

The goal of the thesis project was to investigate the outperformance of one media
to another using untargeted mass spectrometry metabolite analysis. Media 1 had
previously consistently outperformed Media 2 throughout growth analysis. The
correlation between extracellular cell culture metabolites and both cell viability and
protein titer was assessed. Also, predictive modeling using both partial least squares
discriminant analysis and random forests was used to determine the significant
distinguishing characteristics contributing to the variance in metabolite quantitation
between both Media 1 and Media 2. Many metabolites were found to be correlated to
both cell viability and protein titer, however those correlated as well as being the
distinguishing characteristics via modeling aided in the determination as to the nature of
Media 1 outperforming Media 2. It was found that both folic acid and pantothenic acid
were both significant in the predictive modeling and had a strong positive correlation to

Media 1 viability.
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Chapter I.

Introduction

Protein-based drugs are a rapidly emerging class of medicines; 6 of the top 10
selling drug products in the United States (Table 1) are protein-based drugs (Chemical
and Engineering News Supplement, 2015) . Protein-based drugs provide many
advantageous functions for prospective patients. Monoclonal antibodies enable selective,
monospecific binding to a specific protein or cell within a patient stimulating the
patient’s own immune system to systemically target those particular cells. To treat the
inflammatory autoimmune Crohn’s disease, protein therapeutic Remicade (Johnson &
Johnson), selectively binds to tumor necrosis factor (TNFa) inhibiting the cytokine to
bind to the cell. Protein therapies may also augment or suppress existing biological and
biochemical pathways either curbing and suppressing an overly sensitive response or
assisting and aiding an overly repressed response. To stimulate white blood cells in
immunologically suppressed patients often succumbed to various cancers, Neulasta
(Amgen), a granulocyte colony-stimulating factor (GCSF), is often administered.
Furthermore, protein-based therapies may provide a patient a novel function or activity or
work in concert with a cocktail of other therapeutic molecules to interfere a specific
molecule or infectious organism. Avastin (Roche) is given in combination with other
chemotherapy drugs 5-fluorouracil, leucovorin, and oxaliplatin for the treatment of colon

cancer (Stern & Herrmann, 2005).



Table 1. Top Selling Drugs in the United States

Position Drug Drugmaker (%?Hf;;::; Drug Type
1 Humira AbbVie 11.0 Protein
2 Enbrel Amgen 8.75 Protein
3 Advair GlaxoSmithKline 8.3 corticosteriod
4 Remicade Johnson & Johnson 8.3 Protein
5 Rituxan Roche/Genentech 8.0 Protein
6 Lantus Sanofi 7.3 insulin analog
7 Avastin Roche 6.5 Protein
8 Herceptin Roche 6.8 Protein
9 Crestor AstraZeneca 6.0 statin
10 Januvia Merck & Co. 6.0 P epgqase
inhibitor

Of the top 10 selling drugs in the United States, 6 are protein-based. The preceding table
lists the proteins in their respective order

Technological efforts are driven to improve drug efficacy and potency and to

reduce immunogenicity to improve product safety profiles (Carter, 2011). Therapeutic

proteins have the potentiality to cause infectious disease and autoimmune responses.

Anaphylactic reactions have occurred for certain protein-based drugs. Between 0.1-0.2%

of patients using omalizumab, a protein drug used against the Fc portion of IgE

antibodies, have succumb to anaphylaxis. Natalizumab, a clinical protein drug for

multiple sclerosis, had about 1 in 1,000 patients be at risk for progressive multifocal

leukoencephalopathy (PML). PML, a rapid demyelinating disease, is caused by an

infection on the central nervous system with John Cunningham virus (JVC) and is often

fatal. Ipilimumab targets CTLA-4, a receptor protein used in the down-regulation of the

immune system. However, it has also caused patient autoimmune enterocolitis leading to

tissue degradation prompting the need for a colectomy. As a result, immense efforts are

placed to develop and improve upon the methods of characterization that provide a




physical, chemical, and biological understanding of these proteins (Hansel & Kropshofer,
2010). Characterization methods are exhaustive, including (but not limited to) post-
translational modifications, inter-chain disulfide structures, glycan linkages, charge
variants, peptide mapping, and amino acid composition (Wakankar & Chen, 2011).

Mammalian cells are typically chosen for the bulk production of therapeutic
proteins (Wurm, 2004). Within only the last two decades, improvements in cell line
selection and the optimization of cell culture conditions have increased expectations of
volumetric protein titer yields from 100 mg/L to 5 g/L (Jayapal & Wlaschin, 2007). Cell
culture media contain components that are essential for growth and ultimately the
production of therapeutic proteins, including amino acids, vitamins, glucose, growth
factors, lipids, cholesterol, hypoxanthine/thymidine, and trace elements (Yang & Xiong,
2012). The ability to characterize the growth media for these components, and of
resultant metabolites, provides an understanding of the biologic system and enables
process and product control.

Metabolic analysis of cell media components has been shown to be advantageous
when assessing cell media and therapeutic protein production. It has been shown that
monitoring nutrition solely on glutamine consumption is insufficient. Two essential
metabolites, tryptophan and choline, were remarked to be depleting despite a steady
concentration of available glutamine. Tryptophan, an essential nutrient that cannot be
synthesized, is used in protein synthesis, while choline deficiency has been shown to
induce apoptosis in cells (Chong & Goh, 2009).

Thus, a comprehensive metabolic quantitative assessment may further yield

unique insights into the criticality of certain metabolites and their effects on the culture



system, rather than limiting the analysis to those predisposed to be studied. My analysis
looked to expand the practice of using a limiting mass spectrometry MRM method, but
rather assess a robust, untargeted mass spectrometric method. Thus, studied metabolite
fluctuations and quantitation will not be limited to any inherent bias as to what should or
would be normally studied. A more global analysis of the extracellular metabolome may
produce insights into the complex relationships between cell lines and the studied media.
The correlations drawn between media components, viability, and titer could
potentially yield broad implications within both the bioprocess and analytical fields.
Biologists and analytical chemists may better know what components to supplement
media to facilitate and enable more efficient growth and build quantitative analytical
methods to effectively monitor those metabolites over time. As a result, pharmaceutical
companies may then have the ability to manufacture therapeutic proteins and drug
product at a more efficient, cost-effective rate by reducing the growth time or media
volume needed to obtain a certain protein drug product concentration or necessary

quantity

Analytical Approach

Liquid chromatography with mass spectrometric detection (LCMS) has been used
in metabolite profiling analysis. However, these methods often use multiple reaction
monitoring (MRM) targeted mass spectrometric detection that may leave many
metabolites unaccounted for (Qiu & Chan, 2016). A robust, untargeted mass

spectrometric method would enable each metabolite to be quantitated and identified, then



independent statistical assessments could be made of their significance within the cell
culture mediums.

Two cell culture mediums have been used in the production of a therapeutic
glycoprotein from one of the mammalian cell lines I regularly use. Both mediums are
provided through my company’s suppliers, however, each medium’s composition is
proprietary and known only to the supplier. Because of legal constraints, initial starting
concentrations and amount of each essential metabolite is not known. One medium
resulted in low protein titers (approximately 20% less in previous studies), while the
other resulted in considerably higher titers. Previous titer quantitation for both media was
acquired with high confidence; the quantitation was reproducible to great precision and
accuracy. The titer discrepancy was observed each time both mediums were used. The
confidence interval has consistently been less than 10% for the determined titer amount.
Due to the confidence in our titer assessments, thus confidence in the outperformance of
one media over the other, and given that the same clone and similar growth conditions
were used in both cases, the difference in the protein yields is likely due to differences

between the growth media used.

Statistical Assessment

Statistics and machine learning enable researchers to understand and explore large
datasets. A vast set of tools exist that can broadly be categorized as either supervised or
unsupervised learning. Supervised learning enables predictive algorithms to determine a

specific number, group, or classification. Unsupervised learning enables exploration in



the structure and patterns in data without specifying any deterministic outcome or
product. Both supervised and unsupervised learning techniques can be used individually,
or both can be employed for a more comprehensive view of the acquired dataset.
Metabolomics datasets are often immense and robust, especially when
considering the global metabolome rather than a targeted method (Afendi, 2013). Higher
order statistical analysis applied within machine learning allow for conclusions to be
drawn that infer biological meaning (Martinez-Arranz, 2015). Even with a proper set of
controls in place during experimental analysis, the unbiased metabolic fingerprint can be
observed to have some variation during sample preparation and storage. Also,
unavoidable fluctuations in mass spectrometry data can induce small variations in the
quantifiable data (Worley, 2013). Thus, metabolomics should employ robust and

complex data analysis

Correlation

Correlation analysis is a widely used and adopted statistical practice. The acquired
metabolic data was correlated to both protein titer and cell viability for both Media 1 and
Media 2 (Cuperlovic-Culf, 2012). Correlation enabled the detection of a casual
relationship between each quantified metabolite to both titer and viability. By measuring
the association, the patterns of metabolite relationships to both titer and viability would

aid in determining the characteristics of Media 1 outperforming Media 2.



Hierarchical Clustering

A form of unsupervised learning, hierarchical clustering, enables an acquired
dataset to be examined within a tree-based dendrogram (Benton, 2015). No specific
number of clusters needs to be implemented; the data is observed without class labels (in
this case, Media 1 or Media 2 designations) and arranged accordingly to the similarity
between samples contained in the entire dataset. This statistical method was employed as
it gave an observable unsupervised classification of each Media sample to determine if

Media 1 and Media 2 samples could be clearly distinguished within the dataset.

PLS-DA

Supervised partial least squares discriminant analysis (PLS-DA) is used to
identify class differences within a dataset. In this case, Media 1 and Media 2 groups were
clearly defined, thus the prediction algorithm to determine media classification was
constructed using the acquired mass spectrometry dataset. The variable importance in
projection (VIP) score is then obtained for each metabolite in this predictive algorithm.
Simply stated, the VIP score is the importance of each metabolite in this algorithm, thus
the importance of each metabolite in the classification of each media sample (Palermo,
2009). Thus, it is determined which metabolites are critical in distinguishing each media
sample’s group. This was critical in determining any distinguishing characteristics as to

Media 1 outperforming Media 2.
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Random Forest

For an even more robust analysis, PLS-DA does contain the potentiality of over-
fitting models to the supplies dataset. (Westerhuis, 2008) Thus, an additional orthogonal
supervised classification algorithm was examined. Random forests (RF) use decision
trees to as its building block in its predictive classification algorithm. Each split in the
decision tree considers only a subset of predictors (metabolites in this case), thus the most
pronounced predictors will not even be considered at regular intervals. In doing so, it
gives the algorthm more of a chance to consider weaker predictor that PLS-DA may
discriminate against. Similarity, a VIP can be determine for each metabolite, and its
influence in the media classification can be ascertained. Thus, a comparison of PLS-DA
and RF would yield and even greater understanding in the defining characteristics of both

Media 1 and Media 2.
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Chapter IL

Materials and Methods

In order to protect information that is proprietary and confidential to the company
for which I am employed, specific identification of the glycoprotein, mammalian cell
type, and of the growth media and components will be masked using general, non-

specific terms (Table 2).

Table 2. Masking Scheme

Description Mask
Pre-selected mammalian cell line Cell Line M
Therapeutic glycoprotein drug product Glycoprotein M
Cell media with resultant good titer yields Cell Media 1
Cell media with resultant poor titer yields Cell Media 2

Masking scheme laid out with and by the company’s legal team

Cell culture and medium development for my company’s cellular proliferation
process is a proprietary protocol with a feeding strategy that was optimized for the
therapeutic glycoprotein drug product. As such, cell passage rates and scheduled feeding

will be performed in adherence to previously established company protocols.

Cell Line M was grown for 41 days both within Cell Media 1 and Cell Media 2.

The 41 days growth allowed for the collection of 22 cell media samples for each media

12



type, thus a total of 44 media samples was assessed. Cell concentration determination,
viability assessment, and Glycoprotein M titer quantitation were were performed using a
Beckman Coulter Vi-Cell instrument at the time of collection each day (Figure 1).
Sample preparation, controls, and quantitation assessment for concentration, viability,
and titer will be in strict adherence to the company’s test protocols previously validated
for method accuracy, precision, specificity, limit of detection, limit of quantitation, and

linearity.

A total of 5 mL of each cell media sample was stored in -80°C until all the
samples were collected across 41 days. All samples were simultaneously thawed for titer
assessment and LCMS metabolite quantitation to limit sample variability. A quality
control sample (QCS) was created by mixing a small aliquot from each sample and run
alongside each media sample. Samples were prepared in triplicate, thus a total of 66

samples per media and 9 QCS samples were analyzed using mass spectrometry.

13



Cell Line M

Cell Media 1

Cell Titer Cell Titer

Cell Media 2

Regular Intervals

——— across aperiod

of 41 days

Cell Viability

l Cell Viability] l Cell Concentration i

Figure 1. Flowchart of Cell Media Processing. Samples of cell media were taken at
regular intervals across 41 days of continuous media processing. Measurements of cell
concentration, protein titer, and cell viability were quantitated when samples were taken.

LCMS Sample Preparation

All samples were thawed and prepared at the same time with efforts to reduce
sample handling and preparation variability. 20 uL of cell media will be added to 160 uL
of 9:1 Methanol:Water, vortexed, and incubated at -20°C for 4 hours in order to facilitate
and induce protein precipitation. Samples were then centrifuged at 18,000 x g for 20
minutes at 4°C. 100 uL of supernatant was transferred to an Eppendorf vial and speed
vacuumed to dryness. Samples were resuspended in 95:5 Acetonitrile:Water sample
buffer and transferred to an injection vial suitable for LCMS injection. Each sample was

prepared and analyzed in triplicates to reduce sample preparation variability.

14



Liquid chromatography was employed online with the mass spectrometer using
HILIC separation. The column used was Waters Acuity BEH Amide with dimensions of
1.0 x 100 mm. Mobile phase A consisted of 100% acetonitrile and mobile phase B
consisted of 10mM ammonium acetate in water at pH 8.0. Column temperature was set at
50°C and was consistent throughout the run. Gradient conditions and separation were

consistent run to run (Table 3).

Table 3. HILIC Gradient Conditions

Time Mobile Phase A (%) Mobile Phase B (%)
0 90 10
3 90 10
15 60 40
20 20 80
25 20 80
28 90 10
35 90 10

HILIC gradient conditions across a 35 minute run time. Gradient allowed for 20 minutes
of analyte separation, 5 minutes of wash, and 10 minutes for column re-equilibration.

Mass spectrometer parameters used exclusively HCD fragmentation when

acquiring MS/MS spectra of the top 20 most abundant ions detected in each full MS scan.

Negative polarity was used. Remaining essential MS settings were optimized (Table 4).

15



Table 4. Mass Spectrometry Instrument Parameters

Parameter Setting
Automatic Gain Control 3x10°
Resolution 70000
m/z range 60-750
Maximum ion injection time 1000 ms

Mass spectrometry instrument parameters across the entire 35 minute run time.

LCMS raw files were preprocessed using xcms, a reputed R package (Smith &
Want, 2006). The package provides an algorithm capable of detecting peaks both
pronounced and those with very low signal-to-noise ratios. It also effectively filters out
random noise in the mass spectrometry ion chromatogram. It then matches peaks across
samples, then aligns the chromatograms based on the peak matching. Doing so enables a

much higher metabolite identification and reliable quantitation rate.

Careful normalization was performed to ensure accurate metabolite quantitation.
First, metabolite peaks were normalized to the acquired cell concentration that each
media sample was derived from. This was essential to downstream metabolite
comparison as to not be impeded by how concentrated the sample initially was. Next,
metabolite peaks were normalized to two proprietary company internal standards; one
internal standard during sample prep (during the 9:1 methanol:water crash) and one
internal standard added directly prior to mass spectrometry analysis. This enabled both
sample preparation variability and instrument variability to be considered. Lastly, due to
the significant range of intensities of metabolite levels (metabolites can be in excess of
1000 times more intense), the entire dataset was Pareto scaled. This was necessary to

reduce the influence of the higher intensity metabolite peaks on downstream analytics

16



while allowing the smaller and less intense peaks that still may confer biological

relevance to participate (Worley, 2013).

Pearson and Spearman correlation statistics were computed across each
metabolite. The significance (p value) of each was then be assessed. Metabolites that
correlate to a decrease in viability or an increase in titer production should exhibit a
significant correlation rank. MetaboAnalyst 3 software (Xia, 2016) was used all

predictive modeling and cluster assessments.

17



Chapter I1I.

Results

Media samples were successfully harvested and stored appropriately to ensure
sustainability and allow its metabolic fingerprint to be accurately ascertained. A total of
22 media samples were collected over the course of 41 days. Cell viability and protein
titer correlations were then assessed and compared with variable importance to PLS-DA

and RF media classification predictive algorithms.

Cell Viability and Protein Titer Quantitation

Cell viability assessment was quantified at the time of collection each day. A
comparative trend was first examined between both Media 1 and Media 2. As expected,
Media 1 outperformed Media 2 (Figure 2). A steady decrease in viability is observed with
both media from day 5 onward. Similar performance is observed for both Media until day
14, however, Media 1 outperforms Media 2 until Day 41 where a considerable drop-off is
visible in both. The largest disparity is observed near the end of the experiment from day

30 through day 40.

18
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Viability (%)

75 ‘
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65
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Day

Figure 2. Time Course of Cellular Viability. Time course measurements of cellular
viability for both Media 1 and Media 2 were acquired at regular intervals during the
continuous process using a Beckman Coulter Vi-Cell instrument.

Cell titer was also quantified at the time of collection each day. Similarly, a
comparative time-course trend was examined between both Media 1 and Media 2. As
expected, Media 1 again outperformed Media 2 (Figure 3). A steady decrease in titer is
observed with both media from day 11 onward. Similar performance is observed for both
Medias until day 14, however, Media 1 outperforms Media 2 until Day 41 where a
considerable drop-off is visible in both. This trend mirrors what was observed when
examining the comparison between both Medias concerning cell viability. The largest
disparity is observed at day 24 and day 30 when the titer from Media 1 recovers after the
drops from day 18 and day 26. The wave-like patterns visible in the trends are likely due
to the company’s cell culture proprietary protocols and processing to enable longer-term

cell growth optimized for increases in therapeutic glycoprotein drug product output.
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Protein Titer
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260
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Figure 3. Time Course of Protein Titer. Time course measurements of protein titer for
both Media 1 and Media 2 were acquired at regular intervals during the continuous
growth process.

LCMS Metabolite Identification

The reputed XCMS R package was used to estimate how the retention times
varied between each run across all media samples. Using an average of the statistically
significant “marker” peaks it chooses, it recalibrates the time-axis across the entire data
set and shifts peaks to be aligned to each other (Figure 4). This enables each run to be
compared to each other and reduces the instrument variability inherent to mass

spectrometry analysis.

20



Retention Time Deviation vs. Retention Time

10

-10

=20
|

Feak De Retention Time Deviation

0 500 1000 1500

Fetention Time

Figure 4. Retention Time Correction. Using peaks common in all media samples as well
as the QCS samples, XCMS recalibrates the time-axis across all samples to ensure
metabolite feature alignment.

After peak alignment, all globally unidentified metabolites were initially
considered, but only the most statistically significant metabolites exceeding a data-
dependent p-value threshold and significant t-test fold change between Media 1 and
Media 2 using the compiled QCS data were selected for examination. This was again
performed using the XCMS R package. Of the unidentified metabolites, 25 were deemed
the most statistically significant via t-test comparisons. Quantitation was determined for

each of the metabolites using peak integration and MS? fragmentation patterns were used

21



to determine the identification of each of the metabolites using the Thermo mzCloud
database. Of the 25 metabolites selected, 23 were able to be accurately identified while 2
were not. This may be the result of bad MS? fragmentation as a result of too harsh or not
enough collision energy used throughout the run for those two metabolites. As an
example, phenylalanine MS' integration (Appendix, Figure 12) and MS? fragmentation
(Figure 6A) is shown which enabled both its quantitation and identification when
matched with a MS-library database (Appendix, Figure 13).

Additionally, as a precaution, extracted single ion chromatograms and any other
expected molecular ions for each metabolite species were checked to infer if significant
adducts or false signals were present. Expected adducts of significant intensity were
included in the each metabolite’s overall quantitative intensity. After identification, the
samples were normalized and scaled as accordingly to the description in the Materials

and Methods section (Appendix, Figure 14).

Cell Viability and Protein Titer Correlations

With the quantitative assessment of both viability and titer performed, the results
could be correlated to the metabolite identifications and quantitation acquired through
mass spectrometry. Both Pearson and Spearman correlation values and significance were
performed for both Media 1 and Media 2 to cell viability (Tables 5-6) and protein titer
(Tables 8-9).

Pearson and Spearman correlations are a measure of both the strength and the
direction (positive or negative) of association that exists between the metabolite and

measured cell viability. Multiple correlations were examined as the nature of the

22



association between the metabolites and viability is not known. A Pearson correlation is
used for linear relationships, while Spearman correlations are used for monotonic
relationships. However, due to the nature of the range of mass spectrometry instrument
sensitivity and detection, it is often useful to examine multiple correlation coefficients to

effectively further substantiate any statistical claims (Steuer, 2006).

Table 5. Media 1 Correlations to Cell Viability

Cor(Pearson) Sig(Pearson) Cor{Spearman) Sig(Spearman)

Aminobenzoic. Acid 0.42 0.056 0.83 0.00
Biotin 0.48 0.02 0.49 0.02
Cholesterol 0.72 0.00 0.74 0.00
Cysteine 0.72 (.00 (.69 0.0
Eicosatetranoic.acid 0.35 0.11 .15 0.52
Folic. Acid 0.6a 0.00 0.75 0.00
Glucose 0.44 0.04 0.52 0.01
Glutamine 0.09 0.68 -0.03 (.20
Glycine 0.42 0.05 0.32 0.15

Leucine 0.34 0.12 0.ar 0.45
Linoleic. Acid .81 0.00 .82 0.00
Lipoic. Acid 0.40 0.07 0.43 0.05
Lysine (.76 0.00 0.73 0.00
Methonine 0.45 0.04 0.30 0.17
Pantothenic. Acid 0.72 0.00 .76 0.00
Phenylalanine 0.27 0.23 0.10 0.65
Proline 0.31 0.16 0.10 0.65
Pyridoxamine 0.71 0.00 0.78 0.00
Thiamine 0.80 0.00 081 0.00
Threonine 0,05 0.83 -0.05 082
Trypophan 0.41 0.06 0.38 0.08
Tvrosine 0.34 0.12 0.2a 0.25

Valine 0.45 0.04 0.34 0.13

Pearson and Spearman correlation values and significance were computed for cell
viability concerning the top 23 significant metabolites in both Media 1 and Media 2.

Of the 23 metabolites, 10 exhibited significant p-values (p-value < 0.05) for both

Pearson and Spearman correlations concerning positive association to Media 1 viability.
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Biotin, cholesterol, cysteine, folic acid, glucose, linoleic acid, lysine, pantothenic acid,
pyridoxamine, and thiamine were most strongly correlated. Of these 10 metabolites, 1 is a
steroid (cholesterol), 1 is an unsaturated fatty acid (linoleic acid), 2 are amino acids
(cysteine and lysine), 1 is a monosaccharide (glucose), and 5 are vitamins (biotin, folic

acid, pantothenic acid, pyridoxamine, and thiamine).

Table 6. Media 2 Correlations to Cell Viability

Cor(Pearson) Sig(Pearson) Cor(Spearman) Sig(Spearman)

Aminohenzoic. Acid .51 0.0 (.60 0.00
Biotin 0.57 0.01 0.50 0.02
Cholesterol 0.70 0.00 .68 0.00
Cysteine 0.77 (.00 .82 (.00
Eicosatetranoic.acid .16 0.47 0.03 058
Folic. Acid 0.38 0.08 0.34 0.12
Glucose 0.57 0.0 0.53 0.0
Glutamine -0.10 0.66 0.41 0.06
Glycine 0.40 0.06 (.46 0.03

Leucine 0.45 0.03 0.39 0.07

Linoleic. Acid 0.69 0.00 (.68 0.0
Lipoic. Acid (.60 0.00 (.48 0.02
Lysine (.76 0.00 0.74 0.0
Methonine 0.39 0.08 0.25 0.26
Pantothenic. Acid 0.42 0.05 037 0.09
Phenylalanine 0.20 0.36 0.09 0.71
Proline 0.28 0.21 0.19 0.40
Pyridoxamine .82 (.00 0.74 (.00
Thiamine 0.71 0.00 0.7 0.00
Threonine 0.31 0.17 .54 0.01
Trypophan (.66 (.00 0.70 (.00
Tyrosine 0.28 0.20 0.29 0.19

Valine .44 0.04 (.42 0.05

Pearson and Spearman correlation values and significance were computed for cell
viability concerning the top 23 significant metabolites in both Media 1 and Media 2.

Of the 23 metabolites, 11 exhibited significant p-values (p-value < 0.05) for both
Pearson and Spearman correlations concerning positive association to Media 2 viability.

Aminobenzoic acid, biotin, cholesterol, cysteine, glucose, linoleic acid, lipoic acid,
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lysine, pyridoxamine, thiamine, and tryptophan were the metabolites most strongly
correlated. Of these 11 metabolites, 1 is a steroid (cholesterol), 1 is an unsaturated fatty
acid (linoleic acid), 3 are amino acids (cysteine, lysine, and tryptophan), 1 is a
monosaccharide (glucose), and 5 are vitamins (aminobenzoic acid, biotin, lipoic acid,
pyridoxamine, and thiamine). Table 7 displays a comparison between Media 1 and Media

2 cell viability correlation.

Table 7. Media 1 and Media 2 Cell Viability Correlation Comparison

Metabolite Media 1 Media 2
aminobenzoic acid

biotin

cholesterol

PR PR X

cysteine

folic acid

glucose

PR PR PR 4 <

linoleic acid

lipoic acid

PR PR R X

lysine

pantothenic acid

pyridoxamine

PR PR R A

thiamine

X
X
X

tryptophan

The mark of X indicates a positive significant correlation to cell viability.

After correlation assessments for both Media 1 and Media 2 to cell viability, it
was deduced that biotin, cholesterol, cysteine, glucose, linoleic acid, lysine,
pyridoxamine, and thiamine had strong positive correlation to cell viability in both media.

While folic acid and pantothenic acid were also correlated in Media 1, the
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underperforming Media 2 also showed strong positive correlation with aminobenzoic
acid, lipoic acid, and tryptophan.
Pearson and Spearman correlation values and significance were then determined

for metabolites to both Media 1 and Media 2 protein titer.

Table 8. Media 1 Correlations to Protein Titer

Cor(Pearson) Sig(Pearson) Cor(Spearman) Sig(Spearman)

Aminobenzoic. Acid 0.14 0.52 0.43 0.04
Biotin 0.0 0.97 0.13 0.57
Cholesterol 0.31 0.16 0.47 0.03
Cysteine 0.15 (.40 0.15 0.49
Eicosatetranoic.acid 0.33 0.13 0.23 0.20
Folic. Acid 0.18 0.41 0.28 0.2
Glucose 0.01 0.96 .16 0.48
Glutamine 017 0.44 0.10 0.65
Glycine 0.39 0.07 0.38 0.08

Leucine 0.32 0.14 0.27 0.22

Linoleic. Acid 0.32 0.14 0.38 0.08
Lipoic. Acid 0.15 0.40 0.23 0.31
Lys=ine 0.32 0.15 0.34 0.12
Methonine 0.38 0.08 0.30 0.17
Pantothenic. Acid 0.23 0.30 0.28 0.20
Phenylalanine 017 0.44 0.07 0.76
Proline 0.51 0.01 (.46 0.03
Pyridoxamine 0.11 .62 0.24 0.29
Thiamine 0.33 0.13 0.39 0.07
Threonine 0.28 0.21 0.30 0.17
Trypophan 0.20 (.38 0.25 0.25
Tyrosine 0.31 015 0.34 0.12

Valine 0.30 0.17 0.30 0.17

Pearson and Spearman correlation values and significance were computed for protein
titer concerning the top 23 significant metabolites in both Media 1 and Media 2.

Of the 23 metabolites, only 1 metabolite exhibited significant p-values (p-value <
0.05) for both Pearson and Spearman correlations concerning positive association to
Media 1 protein titer. The amino acid proline was found to be the most strongly

correlated.
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Table 9. Media 2 Correlations to Protein Titer

Cor(Pearson) Sig(Pearson) Cor(Spearman) Sig(Spearman)

Aminobenzoic. Acid 0.18 0.43 0.3r 0.09
Biotin 0.14 0.54 0.25 0.25
Cholesterol 0.40 0.06 0.46 0.03
Cysteine 0.45 (.03 0.59 0.0
Eicosatetranoic.acid 0.39 0.07 0.26 0.25
Folic. Acid 0.20 0.37 0.22 0.33
Glucose 0.14 0.53 0.26 0.25
Glutamine 0.04 08T 0.29 0.19
Glycine 0.47 0.03 0.47 0.03

Leucine 0.3r 0.09 0.20 0.37

Linoleic. Acid .50 0.02 (.51 0.02
Lipoic. Acid 0.52 0.01 0.33 0.13
Lysine 0.49 0.02 0.50 0.02
Methonine 0.42 0.05 0.27 0.23
Pantothenic. Acid 0.20 0.37 0.22 0.32
Phenylalanine 0.18 .41 0.01 0.97
Proline .55 0.01 0.44 0.04
Pyridoxamine 0.43 .04 0.51 0.m
Thiamine 0.44 0.04 047 0.03
Threonine 0.25 0.26 0.33 0.13
Trypophan .58 (.00 (.56 0.m
Tyrosine 0.34 0.12 0.35 0.11

Valine 0.38 0.08 0.34 0.12

Pearson and Spearman correlation values and significance were computed for protein
titer concerning the top 23 significant metabolites in both Media 1 and Media 2.

Of the 23 metabolites, 8 metabolites exhibited significant p-values (p-value <
0.05) for both Pearson and Spearman correlations concerning positive association to
Media 2 protein titer. Cysteine, glycine, linoleic acid, lysine, proline, pyridoxamine,
thiamine, and tryptophan were the metabolites most strongly correlated. Of these 8
metabolites, 1 is an unsaturated fatty acid (linoleic acid), 5 are amino acids (cysteine,
glycine, lysine, proline, and tryptophan), and 2 are vitamins (pyridoxamine, and
thiamine). Proline was shared between Media 1 and Media 2 to show positive correlation
to protein titer. Table 10 displays a comparison summary of metabolite correlations

between Media 1 and Media 2.
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Table 10. Correlation Comparison between Medias

. Cell Viability Protein Titer
Metabolite
Media 1 Media 2 Media 1 Media 2
aminobenzoic acid X
biotin X X
cholesterol X X
cysteine X X X
glycine X
folic acid X
glucose X X
linoleic acid X X X
lipoic acid X
lysine X X X
pantothenic acid X
proline X X
pyridoxamine X X X
thiamine X X X
tryptophan X X

The mark of X indicates a positive significant correlation to cell viability or protein titer.

Correlations between metabolites across both Media 1 and Media 2 datasets was
also of interest. Strong correlation would indicate the associations in the fluctuations of
metabolite levels in the media over time. Interestingly, cysteine, cholesterol, thiamine,
lysine, linoleic acid, pantothenic acid, folic acid were tightly associated in the
hierarchical clustering of the correlation matrix (Figure 5). Each of these metabolites was
also shown to be strongly correlated to cell viability in Media 1 (all except pantothenic
acid and folic acid were correlated to cell viability in Media 2). Less overlap was

observed when considering both Media 1 and Media 2 protein titer correlations.
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Figure 5. Metabolite Correlation Matrix. Strong correlation was found to be across many
of the significant metabolites. Glucose, biotin, aminobenzoic Acid, threonine, and
glutamine was found to have the weakest correlation to the majority of those quantified.

Media Classification

After calculating the correlation of each metabolite to both cell viability and
protein titer, further analysis into the distinguishing characteristics between Media 1 and
Media 2 was employed. As shown before, many metabolites were concluded to be
correlated to both viability and titer across both Medias, thus it was hypothesized that
those correlated as well as being the distinguishing characteristics between both

Mediamay aid in the determination as to the nature of Media 1 outperforming Media 2.
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Initially, unsupervised clustering was used to observe the patterns of
arrangements of both the metabolites and the samples. When metabolites were clustered
and Media type and date harvested were kept in chronological order, the trends of
metabolite intensities across datasets can be observed (Appendix, Figure 15). Metabolites
quantified in Media 1 show much more intensity earlier in the time course than Media 2.
Hierarchical clustering of media samples (Figure 6) exhibits that the pattern arrangements
of media samples in the dataset are largely consistent to that of expected. Outside of day
28, day 40, and day 41, all Media 1 samples clustered together. Thus, it was concluded
that the dataset showed marked ability to classify Media 1 from Media 2, when all
metabolites were taken together. However, it became critical to understand which

metabolites are most important in this determination.

30



B Mledial

M2_Day30
® Media 2 Y

M2 Day28
M2_Day21
y ToE

y38

M2_Dayl10

M2 Day12

| M2_Day20

M2_Day5
M2_Day4
M1_Day28
M1_Day7
M1_Day4
M1_Day5
M1_Day21
M1_Day20
M1_Day38
M1_Dayl0
M1_Day6

M1_Day30
M1_Dayl7
M1_Day27
M1_Dayl8
M1_Dayld
M1 Dayll
M1_Day25
M1_Day24
M1_Day26
M1 _Dayl2
M1_Day33

60 50 40 30 20 10

o

Figure 6. Hierarchical Clustering. Unsupervised clustering exhibited grouping of mostly
all Media 1 samples and Media 2 samples. Media 1 day 40 and day 41 were clustered
with Media 2 samples likely as a result of the quantifiable depletion of metabolites within
the media.

Supervised prediction algorithms were used to determine the metabolites
contributing the most variance within the dataset enabling Media 1 and Media 2
classification. Both partial least squares discriminant analysis (PLS-DA) and random
forest (RF) algorithms were used to determine which metabolites contribute the most to

each model.
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The PLS-DA scores plot (Figure 7) is able to discriminate between Media 1 and
Media 2 samples. The red 95% confidence ellipsoid around Media 1 is clearly
distinguishable from the green ellipsoid around Media 2. To identify the discriminatory
metabolites between each group, a VIP plot was generated (Figure 8). The top list of
discriminatory metabolites above a VIP score 1.3 was folic acid, cholesterol, pantothenic

acid, and aminobenzoic acid.
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Figure 7. PLS-DA Score Plot.Clustering of Media 1 and Media 2 is exhibited with Media
1 day 28, day 41, and day 42 overlapping with Media 2. Distinguishable clustering
indicates good media classification.
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Figure 8. PLS-DA VIP Plot. The VIP score of each metabolite was calculated as a
weighted sum of the squared correlations between the PLS-DA components and the
original metabolite. The metabolites folic acid, cholesterol, pantothenic acid, and
cholesterol contributed the most to the classification between Media 1 and Media 2 with a
VIP score over 1.3.

An additional orthogonal supervised classification algorithm was also employed.
Random forests were used to differentiate since PLS-DA could potentially over-fit its
classification model. The model was constructed a total of 9 times and each model’s VIP
plot was compared. The number of trees used were 500, 1000, and 2000; the number of

predictors at each split considered were 5, 7, and 9. Each VIP plot was remarkably
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similar with a representative plot shown (Figure 9). Phenylalanine, folic acid, and

pantothenic acid contributed the most to all models.

Phenylalanine
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Figure 9. Random Forest VIP plot. The metabolites were ranked by their contributions to
classification accuracy (MeanDecreaseAccuracy). Plot was generated from a
representative random forest algorithm using 1000 trees and 7 predictors at each split.
Phenylalanine, folic acid, and pantothenic acid each contributed most to a model.
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Chapter IV.

Discussion

The aim of this study was to examine the extracellular cell culture media
metabolites and determine if there were any distinguishing correlations and attributes that
may contribute to Media 1 outperforming Media 2. Cells grown with Media 1 or Media 2
were grown in parallel under like conditions across a 41 day span. Media was
successfully harvested at regular intervals and stored appropriately to secure and not
infringe upon its metabolic fingerprint. The LCMS method and subsequent analysis
enabled accurate quantitation of all metabolites. HILIC separation for the LC component
resulted in good resolution of metabolites enabling more accurate peak integration from
the MS data.

Significant correlation and correlation overlap of metabolites in both Media 1 and
Media 2 to cell viability was found. Less correlation of metabolites to protein titer was
determined, with only proline showing marked correlation in Media 1. However, to truly
determine the nature of the increase in performance of Media 1 to Media 2, classification
algorithms needed to be constructed with relevant metabolites to each model matched to
those found most strongly correlated to either viability or titer.

Both classification algorithms PLS-DA and RF yielded VIP plots that each scored
folic acid and pantothenic acid as having the greatest contribution to classification
accuracy. Furthermore, both folic acid and pantothenic acid were showed to be strongly

correlated to Media 1 cell viability. Thus, out of the quantified cell culture metabolites,
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both folic acid and pantothenic acid statistically exhibit the most promise as
distinguishing feature impacting the disparate performance of Media 1 over Media 2.
The vitamin folic acid is an essential enzymatic cofactor necessary during the
synthesis of purine and thymidine nucleotides (Stover, 2014). It is also an essential
cofactor in the methionine cycle, directly impacting the methylation of homocysteine
back to methionine (Figure 10), which downstream enables adenosylmethionine to
methylate DNA, thus changing activity of gene transcription. Furthermore, previous work
as implicated the effects of folic acid in cell culture. An increase in folate-sensitive
chromosome breakage was observed during the DNA synthesis incorporation of
deoxyuridine and DNA repair attempts during cell G2 growth phase (Reidy, 1987). An
increase in cell apoptosis was also noted in neural stem cells in folic acid deficient media

(Jia, 2008).
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Figure 10. Folic Acid Cofactor Pathways. The interconnectivity of the DNA synthesis
pathway (left) and the Methionine cycle pathway (right) is shown. The display metabolic
pathways were adapted from the “Folate biosynthesis” (map 00790) and “Cysteine and
methionine metabolism” (map 00270) from the KEGG database. The following enzymes
1-11 are as follows: (1-3) dihydrofolate reductase (4-5) Methylenetetrahydrofolate
reductase (6) methionine synthase + cobalamin (7) betaine-homocysteine S-
methyltransferase + others (8) adenosylhomocysteinase (9-10) cystathionine beta-
synthase (11) cystathionine gamma-lyase

The vitamin pantothenic acid is an essential precursor in the synthesis of
coenzyme A (Figure 11). CoA is an acyl carrier and plays a critical role in the cell’s TCA
cycle as well as other functions including synthesis of fatty acids and acetylcholine. It has
been shown that an increase in the amount of pantothenic acid in cell culture media leads
to an increase in cell proliferation. It also was shown to increase protein synthesis
intracellularly. However, an increase in extracellular protein was not observed (Lacroix,

1987). Interestingly, this claim was corroborated in the results of this thesis. Pantothenic
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acid was shown to be correlated to cell viability, but not protein titer. Thus, an increase in
the amount of extracellular proteins in the form of titer was not observed to be correlated

with the vitamin’s quantitative fluctuations throughout the experiment.
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v
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y
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Dephospho-CoA |« CoenzymeA

Figure 11 Pantothenic Acid CoA biosynthesis pathway. Pantothenic acid directly
supports coenzyme A biosynthesis. The display metabolic pathway was adapted from the
“Panothenate and CoA biosynthesis- Reference pathway” (map00770) from the KEGG
database. The following enzymes 1-9 are as follows: (1) type I pantothenate kinase (2)
phosphopantothenate--cysteine ligase (3) phosphopantothenoylcysteine decarboxylase (4)
acyl carrier protein phosphodiesterase (5) 4'-phosphopantetheinyl transferase (6)
phosphopantetheine adenylyltransferase / dephospho-CoA kinase (7) pantetheine-
phosphate adenylyltransferase (8) pantetheine kinase (9) pantetheine hydrolase

Pharmaceutical companies and the entire biotechnological industry remain
steadily focused on improvements and increased optimizations of cell culture media
developments and the resulting drug manufacturing (Jerums, 2005). Using the data

generated by this project, additional experimentation modifying the supplementation of
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growth media with folic acid and pantothenic acid could be performed. Time course
experimentation could be performed to measure the fluctuations of both metabolites and
determine if cell viability could be improved.

The propriety growth conditions, now established LCMS method and data
processing, and follow-up multivariate statistical analysis enable even further research
opportunities to enable maximal productivity. As an example, subsequent studies can
examine the effects of media blending to further assess each relevant metabolite and the
resulting viability and titer (Rouiller, 2013). Various factors are essential for media
optimization outside of metabolic considerations such as osmolarity and pH, thus media
blending provides a tool to easily generate a larger number of media formulations for
experimental assessment. In this case, Media 1 could be mixed with Media 2 and

metabolites could be quantitated and monitored.
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Supplemental Figures
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Figure 12. Example Phenylalanine MS! Data. Peak integration of phenylalanine MS' data is shown for both Media 1 and Media 2 for
day 10. Peak integration for each day enables a comparative quantitative assessment to be performed during media comparisons. The
first number (RT) on the top of the peak is its retention time and the second number (MA) is its integrated area.
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Figure 13. Phenylalanine MS? and Database Search. Fragmentation pattern matching enables phenylalanine identification. (A)
Experimental fragments of 72.01, 91.05, 147.04, and 164.07 m/z match with the (B) fragmentation pattern in the mzCloud database.
Collision energy used throughout analysis was HCD 30.
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Figure 14. Preprocessing of Metabolites. Metabolites were normalized to cell
concentration, internal standards, then Pareto scaled prior to statistical assessment.
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