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ABSTRACT 

 Small molecule metabolites are the last, often underappreciated level in the central dogma 

of molecular biology. Small molecules have become more appreciated for both their functional 

role and as a readout of the phenotype of a biological system. Metabolomics is the approach by 

which we identify and measure these small molecules. Nuclear Magnetic Resonance (NMR) is a 

common technique for performing metabolomics studies that possess several unique advantages 

for making such measurements. As the field of metabolomics has grown, so has the application of 

metabolomics in cell models of disease. Additionally, recent developments in cell-based 

therapeutics have also created a need for understanding and predicting function and product 

quality, which metabolomics of cell cultures is also well suited to provide. In this dissertation I 

will introduce the concepts and utility of NMR metabolomics to cell systems, then show how I 

have leveraged NMR metabolomics to gain a novel understanding of metabolic adaptations in cell 

models of cancer and rare genetic disease, as well as the measurement of culture media metabolites 

by NMR to develop a platform for predicting functional outputs of therapeutic cell products.  
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CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

Foreword 

Sections 1.4 through 1.6 from Chapter 1 are reprinted with permission from Edison, A.S., Colonna, 

M.B., Gouveia, G.J., Holderman, N.R., Judge, M.T., Shen, X., and Zhang, S. NMR: Unique 

Strengths That Enhance Modern Metabolomics Research, Anal. Chem,  2021, 93, 1, 478–499, and 

is available at https://pubs.acs.org/doi/10.1021/acs.analchem.0c04414. Copyright 2021 American 

Chemical Society. The work was carried out with the goal of producing a review article, led by 

senior author Arthur S. Edison. My contribution to the work consisted of (i) writing the portion of 

the article titled “Metabolomics Applications in Mammalian Cell Cultures” and (ii) reviewing and 

editing the rest of the manuscript. Collaborators roles were as follows: Arthur S. Edison conceived 

and organized the content of the article, wrote the introduction and conclusion reviewed and edited 

the manuscript. Goncalo J. Gouveia wrote the portions of the article titled “Metabolite-Protein 

Interactions” and “Model Organisms and Metabolism.” Nicole. R. Holderman wrote the portion 

of the article titled “Marine Environments and Carbon Cycling” and collected data for Figure 1. 

Michael T. Judge wrote the portion of the article titled “In-Vivo Metabolomics.” Xunan Shen and 

Sicong Zhang both wrote the portion of the article titled “Chemoinformatics and Computational 

Modeling.” All authors also reviewed and edited the manuscript. The work was supported by the 

following grants: NIH U2CES030167-03, NIH R01GM120151-04, NIH R01HD087306, NSF 

1648035, NSF 1713746, the Gordon and Betty Moore Foundation, and the Georgia Research 

Alliance.  
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1.1 Introduction to Metabolomics 

Metabolomics is a field that combines analytical chemistry, biology, and bioinformatics to 

identify and/or quantify small molecules present in a biological system. Small molecules are 

usually defined as compounds with a size of less than 1.5 kDa.1 Metabolites are becoming more 

appreciated for both their active role in biology and their ability to reflect the dynamic state of an 

organism or system2. There are two primary methods for conducting metabolomics studies1. The 

first and most popular is mass spectrometry (MS), typically coupled to a form of chromatography, 

such as gas-chromatography (GC) or liquid-chromatography (LC). The other is nuclear magnetic 

resonance spectroscopy (NMR). While MS-based methods have the advantage of increased 

sensitivity, the large number of compounds detected, and obtaining elemental formulas of 

compounds. NMR is advantageous for its exceptional reproducibility, being sample non-

destructive and inherently quantitative measurements. However these characteristics are not 

exhaustive, and unique advantages of NMR will be highlighted in the following sections of this 

introduction and have been extensively reviewed elsewhere3,4. Here I will briefly outline the key 

components of a general metabolomics study and their importance to biological data interpretation. 

Metabolomics studies are composed of several key components, including study design, 

sample generation and collection, sample preparation, analytical measurement, data processing, 

analysis and interpretation. Crucial choices made at each of these steps will define the molecules 

to be measured, the comparability between samples within and between experiments, and the scope 

of conclusions able to be made. Study design includes the important choices of how samples will 

be grown/collected, how many samples, the treatments or perturbations given to each sample 

group, as well as the inclusion of relevant controls. These elements are all critical for obtaining 
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relevant information to make any statistically founded conclusions about the system being studied. 

Metabolomics studies are broadly categorized as being targeted or untargeted and is perhaps the 

first consideration in a metabolomics study5. Targeted studies are defined by a priori selection of 

a set or class of metabolites to be measured. This approach is usually used to test a hypothesis 

about a specific set of metabolites or metabolic pathway that can be interrogated directly. 

Alternatively, targeted studies can also be very broad, but use a predetermined library of 

compounds to measure (more common in MS-based approaches)5,6. Untargeted studies are defined 

by not assuming a specific class or set of compounds, or even knowing what compounds are to be 

measured in the study. All detectable compounds are measured and then identified post hoc. These 

studies are sometimes referred to as “profiling” or “fingerprinting.” Their results can be used to 

generate hypotheses about the biological system to be subsequently tested directly7. Another key 

component of metabolomics study design is randomization, in the collection of samples, sample 

preparation and analytical measurements. Indeed, collecting or processing samples in batches can 

produce significant batch effects that can bias results and affect data interpretation.8 Technical 

variability is introduced at each of these steps, and by introducing a randomized study design, can 

aid in distributing that variance across the data in a way that does not bias the results.9 

Sample generation and collection are specific to the biological system being studied but 

will inform the subsequent steps of how samples are to be processed and metabolites extracted for 

the relevant analytical technique being employed. For example, a study of human urine samples 

will have much different sample collection and preparation steps than a study of tumor tissue10. 

Key considerations in the sample collection steps are minimizing perturbation of the biological 

system prior to collection and rapid quenching of run-on metabolism, typically achieved through 

rapid freezing and stable storage of the samples until they can be processed and analyzed11. Most 
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metabolomics studies offer a “snapshot” of the compounds present in a sample at the time they are 

collected and thus are highly influenced by the environmental conditions immediately around the 

time of sample collection. While no sample collection can be perfect in mitigating these 

confounding factors, achieving consistency between samples in a study is key to obtaining useful 

data and results.  

Sample preparation is another critical process in metabolomics studies. The purpose of 

these steps is to take metabolites from the biological sample into a form that is amenable to 

analytical measurement. This typically involves the removal of components from the sample that 

will interfere with or disrupt data acquisition. Often these are macromolecules such as proteins and 

lipids.12,13 In most sample matrices, these undesired components are removed through a form of 

chemical extraction, which selects for small molecules soluble in a chosen solvent while excluding 

the bulk mass of macromolecules. If the sample is solid or semisolid (i.e., tissue, cells, worms) this 

chemical extraction is usually accompanied by some physical disruption of the sample matrix, 

such as vortexing, bead-beating, grinding, or homogenization. The choice of extraction solvent 

will also determine the compounds that will be retained for analysis14,15. Indeed, it is common to 

perform multiple extractions with different solvents to maximize the recovery of small molecules 

of differing solubility. A fractionation during metabolite extraction can also be useful to reduce 

the chemical complexity of a single analytical sample, which may aid in quantitation and 

identification later in the analysis.16,17 However, some sample matrices are amenable to little or no 

sample preparation depending on the methodology being used (see Section 1.5 for the example of 

culture media analysis by NMR). Regardless, sample handling and preparation is perhaps the most 

important step of determining the characteristics of the resulting data.18 
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Analytical measurements typically require the reconstitution of extracted and dried 

samples in a solvent. In the case of NMR, samples are reconstituted in a deuterium solvent 

containing a chemical shift reference standard. In the case of MS-based methods, samples are 

reconstituted in a solvent compatible with the chromatography being used in front of mass 

spectrometry. Specific analytical measurements are also study specific and will be discussed in 

more detail in the following section pertaining to NMR. Regardless of the methodology being 

employed, consistency of analytical conditions is paramount to obtaining reliable data.18 This is 

especially relevant in large studies where data collection can last from many hours to many days. 

Deviations in conditions such as buffer lot, chromatography column, sample temperature, pH, etc. 

can result in observable effects that will influence measurements and interpretation of results.9 In 

the case of pH shifts, often reconstitution solvents will also contain a buffer or be pH adjusted 

before analysis.19 

Once the data are collected, appropriate pre-processing of raw spectra is necessary to filter 

out extraneous signals or artifacts from the analytical preparation/instrumentation, as well as 

adjusting spectral baselines, observing expected data from controls, and spectral alignment and 

normalization, making sure data from all samples are comparable. Typically, a final analysis will 

also include compound annotation to identify metabolites that have been measured. Ultimately, 

values of all spectral features or annotated metabolites are extracted from the processed data for 

individual samples and compiled into a table or matrix for statistical analysis. Analysis of the 

processed data is also very specific to the study goals but typically involves univariate and/or 

multivariate statistical analyses. Univariate tests such as a T-test or ANOVA consider values of 

one variable (spectral feature or annotated metabolite) at a time and compare them between 

experimental groups to determine if there are differences. Multivariate analyses, in contrast, look 
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at many or all variables from the dataset simultaneously. Multivariate methods are broadly 

categorized as supervised or unsupervised, which indicates whether the method is “told” which 

samples belong to which experimental groups. Unsupervised methods like principal component 

analysis use latent patterns in the dataset to reduce the dimensionality of the data, in which the 

individual samples are projected. Samples’ relative distance to each other in these projected 

components indicates how similar or different their profiles are from each other. With supervised 

analyses such as partial-least squares discriminant analysis, group membership is known by the 

model, and thus identifies which combination of variables from the dataset distinguishes the 

groups from each other. While these are a small sample of basic methods for statistical analysis of 

metabolomics data, the subject has been well reviewed elsewhere.20 

Through these general steps, metabolomics studies can provide both quantitative and 

qualitative information about biological based upon the measurement of metabolites and small 

molecules. However, it should be appreciated that the choices made at each step do highly 

influence the content of that information and how it is interpreted. Perhaps none is more important 

than the choice of technology used for a metabolomics study in determining the nature of that 

information. The nature of NMR data for metabolomics will be discussed in the following section. 

1.2 NMR Metabolomics 

As mentioned previously, NMR is one of the dominant technologies utilized for 

metabolomics studies. Here I will briefly summarize the basic principles and general applications 

of solution NMR to metabolomics. This is a simplified summary, and further details are excluded 

to keep subjects within the scope of this introduction. The goal is to provide a general background 

on the type of information that NMR provides, such that it can be appreciated how NMR provides 
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quantitative, structural information about molecules that can be leveraged for metabolomics 

studies. 

NMR is an analytical method based on the quantum mechanical property of nuclei known 

as spin. Certain atomic nuclei are magnetically active: these nuclei can become polarized and will 

align under an applied external magnetic field. For NMR spectroscopy, these external magnetic 

fields are typically generated by superconducting magnets, many orders of magnitude greater than 

the earth’s magnetic field (up to and above 20 Tesla). Nuclei that are aligned within an external 

magnetic field can be perturbed by radio-frequency pulses produced by transmitter coils around 

the sample. After being pushed out of alignment with the external magnetic field, nuclei will 

precess around the direction of the external field in a gyroscopic manner as they return to alignment 

with it. This precession of the nuclear magnetic fields induces a decaying, oscillating current in 

the detector coils. This electrical signal is received and recorded by the spectrometer in the form 

of a free induction decay (FID). Through the use of the Fourier transform, this signal as a function 

of time FID is converted to a spectrum of signal as a function of frequency. The central resonance 

frequency of a particular type of NMR nucleus (i.e., 1H, 13C etc.) in an external field is known as 

the Larmor frequency. The field strength of NMR magnets is typically referred to by the Larmor 

frequency of 1H in those fields (i.e., 80 MHz, 600 MHz, 1.2 GHz, etc.). The specific resonance 

frequency as well as the pattern of signals (single peak, doublet peak, complex multiplet peaks, 

etc.) of nuclei within a molecule is determined by the chemical environment of the nucleus, or in 

other words, the structural connectivity of the molecule in which the nucleus is contained. 

Importantly, the signal intensity in an NMR spectrum is directly proportional to the number of 

those unique nuclei in the sample. Since spectral intensity is proportional to the number of 

resonating nuclei of that specific frequency, and frequency and signal patterns are unique to 
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specific molecular structures, compounds/metabolites have predictable patterns of spectral peaks 

whose intensity can be used to represent the relative concentration of that compound in the sample. 

 

 

 

Figure 1.1: Overall trends. The bar chart in A shows PubMed search results for “metabolomics 
OR metabonomics” (black points connected by dashed lines), “metabolomics OR metabonomics 
AND mass spectrometry” (blue bars), and “metabolomics OR metabonomics AND NMR” (red 
bars). The inset pie chart B shows the current distribution of techniques used in studies deposited 
on the Metabolomics Workbench.21 Both data were obtained Oct. 10, 2020 Reprinted with 
permission from Anal. Chem. 2021, 93, 1, 478–499. Copyright © 2020 American Chemical 
Society3  

 

Despite the dominance of LC-MS as the primary metabolomics technology, NMR 

constitutes a significant portion of metabolomics studies that are published (Figure 1). 1H (proton) 

NMR is the most commonly measured nucleus for metabolomics studies, due to the ubiquity of 

1H nuclei in organic molecules and having the highest sensitivity/detection by NMR due to its 

physical properties. One-dimensional 1H NMR spectra are relatively quick to acquire and can 

detect tens to hundreds of compounds depending on the sample matrix. Thus, 1H NMR is typically 
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used to profile all samples in a study. 1H NMR methods can measure concentrations in the low 

micromolar range, with over 2 million to 1 dynamic range3,22. However, proton spectra of complex 

mixtures possess many convoluted peak patterns and signal overlaps, which can complicate both 

the quantitation and annotation of individual compounds. These splitting patterns are caused by 

scalar couplings, or the electromagnetic interactions between nuclei through chemical bonds. 

Multidimensional approaches can be used to separate otherwise convoluted signals. An example 

of this used in metabolomics is a homonuclear J-resolved (J-RES) experiment. This experiment 

generates two-dimensional spectra with the scalar couplings recorded in the second dimension, 

which eliminates the splitting patterns of typical 1H spectra in a one-dimensional projection. Other 

two-dimensional homonuclear experiments such as Correlation Spectroscopy (COSY) and Total 

Correlation Spectroscopy (TOCSY) use those couplings to determine which proton signals are 

adjacent to each other within the same molecule. These methods are useful for both adding a 

second dimension of separation between signals. These and two-dimensional heteronuclear 

experiments are also commonly used for compound annotation and structural elucidation by 

NMR4,23. Heteronuclear Single Quantum Correlation (HSQC) and Heteronuclear Single Quantum 

Correlation-Total Correlation Spectroscopy (HSQC-TOCSY) experiments use scalar couplings 

between different NMR nuclei (most often 1H and 13C) to obtain further structural information 

about proton carbon pairs within molecules. In fact, HSQC spectra of complex mixtures can be 

used to match experimental data to spectral databases for compound annotation.24,25 Multiple types 

of two-dimensional data, such as HSQC, TOCSY, and HSQC-TOCSY can be used to reinforce or 

confirm spectral matches, as they provide complementary structural information. The tradeoff of 

performing multidimensional experiments is typically paid in the form of experiment time. 

Heteronuclear experiments like HSQC, with samples containing a natural abundance of 13C, can 
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take many hours to acquire, compared to minutes for a one-dimensional 1H experiment. 

Additionally, careful considerations are necessary to be able to accurately quantitate two-

dimensional spectra.26 While methods have been developed to mitigate the time required for 

collecting multidimensional NMR spectra27-29, they also require advanced expertise and/or 

processing procedures to perform. As a result, most studies only perform two-dimensional 

experiments on representative samples, such as internal pooled controls, to annotate the 

compounds that are present in experimental samples. 

In summary, a typical NMR metabolomics study will use a combination of one-

dimensional 1H NMR for quantitation, in addition to two-dimensional experiments like HSQC to 

aid in annotating compounds measured in the proton spectrum. Once these data are collected, 

processed, and annotated, the data can be used for statistical analyses such as those described 

previously. With this general perspective on how NMR metabolomics is performed, I will now 

highlight some specific ways in which NMR metabolomics can be applied to gain unique insights 

into cell systems. 

1.3 NMR Metabolomics of Mammalian Cell Systems 

Cell culture is a mainstay of biomedical technology and research. From unraveling basic 

biology to manufacturing therapeutics, mammalian cell systems have been central to biomedicine. 

The ability to control and distinguish intracellular and extracellular components is something much 

more difficult in tissue or whole animals. In some contexts, knowledge of specific cell types under 

different conditions may provide the most relevant information. Genetic editing and other 

biochemical manipulations are also much easier to accomplish with cells, which is relevant for 

both basic research and therapeutic applications. It is therefore no surprise that metabolomics has 

been recognized as a valuable tool for cell culture applications.30 The nature of clonal cell culture 
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results in lower biological variability between replicates, mitigating one of the major issues in 

metabolomics broadly.31 While the vast bulk of human metabolomics studies are concerned with 

the analysis of biofluids and tissues, metabolomics studies of cells have continued to grow in 

number with the increasing numbers of metabolomics studies.32 However, cell culture is often 

called into question for its relevance to in vivo biology, possibility for contamination or 

misidentification, and potential for genetic drift or phenotypic heterogeneity.33 While some cell 

lines may have limited in vivo relevance, metabolomics data from cells is often complementary to 

that observed in whole tissues or animals.32 Despite their limitations, the usefulness of cell models 

is in generating hypotheses and useful information where they could not be gained otherwise. Here 

I will highlight examples of the use and unique contributions of NMR in cell models of disease, 

particularly cancer, as well as in the context of mammalian cell manufacturing.  

START OF PUBLISHED SECTION 

1.4 Targeted Metabolism Studies 

There are several unique features of NMR that allow for targeted analysis of specific 

metabolite classes or pathways of interest to cancer metabolism with the use of cell lines. This is 

a particularly powerful capability when advancing from common profiling or screening studies to 

understanding mechanisms or changes in metabolic flux that produce observed changes.  

For example, coenzyme A species, redox metabolites such as NAD+ and NADH, as well as energy 

molecules like ATP are particularly useful for understanding cancer metabolism in vitro. However, 

these classes of molecules are difficult to measure with MS-based techniques due to their highly 

labile nature and structural similarity. These are challenging for NMR as well due to their low 

concentrations and aforementioned structural similarity which can produce high spectral overlap. 

Recently, Nagana Gowda et al. have optimized extraction and sample preparation techniques that 
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allow for preservation of these endogenous metabolites. A one-time addition of coenzyme 

standards to a reference sample was sufficient to identify and quantify signals from unique species 

using standard 1H NMR across multiple samples.34 Similarly, utilizing a combination of standard 

compound spiking and 2D correlation experiments, Nagana Gowda was also able to definitively 

identify and quantify redox coenzymes and adenosine phosphate species from extracted 

mammalian cells.35 These methods highlight how, when combined with robust chemical extraction 

methods, the reproducibility and stability of metabolite chemical shifts in an NMR spectrum can 

enable comprehensive profiling of coenzymes and energy molecules with a single experiment. 

13
C-labeled substrates are useful for tracking the flux of carbon sources and understanding the 

unique metabolism of different cancer types. While using SIL is not unique to NMR, the ability to 

directly and selectively detect molecules and the positions of atoms containing tracers such as 
13

C 

is unparalleled. NMR provides atom-specific information, making it ideal for isotopomer analysis. 

Lane et al.36 provide an excellent example of applying both NMR and LC-MS for investigating 

cancer energetics using both 
13

C- and 
15

N-labeled glucose, glutamine, glycerol, and octanoate to 

profile differential nutrient utilization between breast cancer cell lines of different histological 

subtypes. By using 1H-detected 1D 
13

C-HSQC (heteronuclear single quantum correlation) 

experiments, they compared NMR J-couplings at different nuclei in metabolites labeled by 

different isotopic substrates and were able to deduce the specific pathways used to metabolize 

these carbon sources. Combined with information from 2D 1H- TOCSY (total correlation 

spectroscopy) experiments, they were able to quantify relative amounts of ribose contained in 

nucleotides generated by oxidative vs nonoxidative pentose phosphate pathways, among other 

insights.36 Winnike et al. also used 
13

C-labeled glucose and glutamine to determine the relative 
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flux of these nutrients in breast cancer cells using both directly detected 
13

C 1D experiments as 

well as 2D 
13

C-HSQC for metabolite annotation. 
13

C detection provides greater chemical shift 

dispersion and less overlap than 1H detected data.37 Importantly, these studies and others have 

revealed that the typical classifications of breast cancer cells, such as proliferation rate or 

histological subtypes, do not necessarily predict metabolic pathway activity. To probe metabolism 

even more specifically at the enzyme level, Hattori et al.38 utilized a variety of 1D and 2D NMR 

experiments on cell extracts labeled with either valine or its ketoacid, keto-isovalerate (KIV). To 

determine the directionality of the transamination reaction, which is catalyzed by branched-chain 

amino acid aminotransferase 1 (BCAT1), they either added 
13

C-valine with natural abundance KIV 

or 
13

C-KIV with natural abundance valine. Similar experiments were done with 
15

N to follow the 

amino group. These data showed that leukemia cells preferentially transaminate branched-chain 

keto acids to their respective branched-chain amino acids, uncovering a novel behavior of 

leukemia cells shown to enhance their malignancy.
38

Judge et al. were able to use CIVM-NMR to 

reproduce this result using the same matched pairs of substrates in live cells utilizing a continuous 

1D 
13

C- HSQC experiment to detect the protons that were connected to labeled carbons, giving a 

simple and direct real-time display of KIV turnover (Figure 2).39 
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Figure 1.2 Targeted isotopic CIVM-NMR measurement of metabolic flux in human myeloid 
leukemia cells. (A) 13C-labeled keto-isovalerate (KIV) was converted to valine. (B) 13C-labeled 
valine was not converted to KIV, confirming unidirectional flux in ML cells. (C, D) Relative 
concentrations over time of 13C-labeled KIV (orange) and 13C-labeled valine (purple) compared 
to baseline noise (gray), obtained by taking the raw maximum spectral intensity within each region 
of the representative experiments in (A, B), respectively. Different lines show the data from 3 
independent replicates of each experiment. Reprinted with permission from Judge, M. T.; Wu, Y.; 
Tayyari, F.; Hattori, A.; Glushka, J.; Ito, T.; Arnold, J.; Edison, A. S. Continuous in vivo 
Metabolism by NMR. Front. Mol. Biosci. 2019, 6, 26. doi: 10.3389/fmolb.2019.00026. 
 

While 
1
H and 

13
C atoms are the most commonly used nuclei for profiling metabolites, there 

are other nuclei that can be leveraged for targeted analysis of metabolism in cancer cells by NMR. 

For instance, phosphocholine and phosphoethanolamine related molecules, which have been 

previously observed to be significant in cancer studies by NMR,40,41 can be detected directly using 

31
P NMR. Similar to 

1
H, 

31
P is an NMR active isotope and occurs at 100% natural abundance, 

which provides higher sensitivity than 
13

C. There are fewer phosphorus resonances comprising a 

typical biological sample, resulting in a less crowded spectrum. Juranic and co-workers have 

developed useful NMR-based methods to characterize high-energy phosphometabolites like 
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ATP.42 Not only do they take advantage of 
31

P NMR, but they also label samples with added H2

18
O. 

The addition of 
18

O is indirectly detectable through isotope effects that manifest on the 
31

P nuclei, 

allowing for elucidation of valuable functional information in perfused tissues. Shah et al. 

demonstrated the utility of 
31

P NMR in capturing the dynamics of different phosphoethanolamine 

species across cancerous and nonmalignant cell lines, revealing differential dependence of cancer 

cells on phospholipid synthesis when biosynthetic genes were knocked out.43 Veronesi et al.44 used 

direct 
19

F detection of fluorine-labeled substrates and their enzymatic products to monitor the 

activity of a specific enzyme in living cells. Similar to 
31

P, 
19

F is an NMR active isotope that occurs 

at 100% natural abundance, with essentially no background resonances in most biological samples. 

This allows tracking the fate of 
19

F tracer molecules without signals from endogenous compounds. 

With their system, Veronesi et al. were able to quantify changes in fatty acid amide hydrolase 

activity upon treatment with inhibitors.44 As the first example of this type of quantitative kinetic 

data obtained in intact cells, 
19

F has applications for both drug screening and targeted metabolism 

studies.  

1.5 Media Analysis of Cell Cultures 

The analysis of extracellular metabolites in culture media is important to the study of 

cancer cell metabolism in vitro. NMR is well suited for this due to the minimal sample preparation 

needed, which allows aliquots of culture media to be analyzed via NMR directly with the addition 

of a chemical shift reference in 5− 10% D2O. Complementing the intracellular metabolome with 

changes in the extracellular environment provides greater context for interpreting the results of 

metabolomics studies. In addition, the use of small diameter, low volume sample tubes with a 
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high-sensitivity small volume probe enables sampling of media from the same culture repeatedly 

over time for time-course data.  

Recently, Wojtowicz et al.45 performed a time-course NMR analysis of media in the culture 

of breast cancer cells and compared the media profiles to NMR profiles of serum from breast 

cancer patients, to see if direct comparisons could reasonably be made between them when 

performing in vitro studies. Wojtowicz and colleagues collected media samples from breast cancer 

cell cultures 16 times over the course of 72 h, revealing dynamic, nonmonotonic changes in several 

detected metabolites. Lactate, alanine, glutamine, tyrosine, and glucose profiles in the culture 

media showed opposite trends of accumulation or depletion compared to changes in patient serum 

vs healthy controls, thus exhibiting some key limitations of direct comparisons of media with 

serum. However, the authors noted that for many metabolites, the interpretation of the results 

changed drastically depending on which time point was examined.45 This again implicates the 

importance of collecting dynamic measurements at biologically relevant resolution to 

contextualize and properly interpret metabolomics data.  

Mahar and colleagues recently showed the utility of combining isotopomer analysis with 

conditioned media analysis by NMR to quantify the Warburg effect, a metabolic signature of 

cancer cells where most glucose is converted to lactate instead of pyruvate.46 Both normal and 

cancer cell lines were cultured in media containing [
2
H7]glucose, and the media were sampled 

over the course of 5 h. Due to the isotopic effect of deuterium incorporation, they were able to use 

2
H decoupled 

1
H NMR to resolve and track the accumulation of lactate isotopomers excreted into 

the media over the culture period, after correcting for changes in T1 relaxation, another isotopic 

effect. They showed not only that the cancer cell line consumed almost six-times the amount of 

glucose compared to normal liver cells, but also nearly all of the [
2
H7]glucose consumed by the 
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cancer cells could be accounted for by glycolysis-produced lactate and monodeuterated water.46 

This study illustrates the power of measuring stable isotopes in conditioned media to derive 

definitive flux measurements through pathways enabled by the quantitative nature of NMR.  

A unique twist on the analysis of conditioned media is to use it to simulate an in vivo 

environment for cancer cells. Luis et al. used conditioned media from cultured adipocytes to 

expose MCF-7 cells to an environment simulating an in vivo obesity phenotype. 
1
H NMR analysis 

of the conditioned media before and after culturing MCF-7 cells showed an “inversion” of the 

Warburg effect as evidenced by increased glycolytic intermediates in the culture medium, along 

with increased proliferation and invasiveness characteristics of the cells.47 The straightforward 

sampling and preparation of media for NMR analysis enabled the authors to conclude that the 

conditioned media metabolite profiles may be relevant to in vivo disease and have provided more 

evidence for how and why breast cancer prognoses are worse in obese women.  

While the methods and approaches for interrogating mammalian (cancer) cell metabolism 

in vitro continue to become more advanced and comprehensive, the need for more physiologically 

relevant culture models amenable to these techniques is apparent. Ultimately, the application of 

these techniques to more complex models such as tissue-on-a-chip, coculture, or organoid systems 

will be able to provide metabolic discoveries with more relevance to disease and physiology. 

However, the direct application of classical untargeted approaches of intracellular and extracellular 

analysis can also be of use to profile the   

1.6 Mammalian Cell-Based Manufacturing  

Aside from basic biology research, another significant application of mammalian cell 

culture is in industrial production of biotherapeutics. While the industry of cell expressed biologics 

continues to grow and diversify, a new generation of cells-as-therapies is also on the horizon. Here 
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we will describe recent uses of NMR for mammalian cell-based biologics manufacturing in 

existing industrial processes and the future of NMR as a potential key technology for 

manufacturing of cell therapies. 

The use of NMR, metabolomics, and other techniques for mammalian cell production of 

biologics manufacturing is not new,48-50 but they have recently gained popularity for their utility 

in cell culture engineering and prediction of product quality. Recent work by Ali et al. and Zürcher 

et al. has highlighted the use of metabolomics data collected during cell culture bioprocesses to 

predict and improve the quality of products produced in cells.51,52 However, there are some unique 

applications of NMR technology to improving cell-based bioprocesses. Brinson and Marino 

recently demonstrated the use of 2D NMR spectroscopy to provide a high-order structural 

fingerprint of cell-expressed protein products.53 Since three-dimensional structure is critical to 

protein function, these NMR signatures can be used as metrics to assess product quality. This 

application is an example of the utility and versatility of structural information that is provided by 

NMR in cell manufacturing.  

In addition, Blondeel et al. used time-course 1H NMR metabolomics of culture media in 

cells expressing recombinant proteins in order to identify metabolites that were rapidly consumed, 

thus limiting cell density and production. By supplementing additional nutrients observed by NMR 

to be rapidly depleted, they were able to achieve a nearly 75% increase in cell density.54 As 

mentioned elsewhere, the recurring measurement of metabolites in culture media is uniquely suited 

to NMR due to the simplicity of sample preparation and inherently quantitative nature of 

measurements.  

As an evolution from cell expression-based production of biologics, cell therapies (such as 

CAR-T cells, mesenchymal stromal cells, and stem cell therapies) are poised to become a 
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significant sector of biopharmaceutical manufacturing.55-57 Since cell therapies are even more 

complicated than the expression of biologics, cell products require increasingly comprehensive 

characterization and optimization for manufacture. Recent studies have already demonstrated the 

utility of metabolomics measurements to characterize and improve growth of cell therapy 

products.58-61 1H NMR was recently used by Agostini et al. to characterize and predict the quality 

of platelet-derived media supplements for industrial cell manufacturing, leveraging the ease of 

sample preparation and throughput of media analysis by NMR.62 Continuous flow NMR 

techniques for monitoring mammalian cell culture systems have existed for decades63 but have not 

yet become a central technology in cell manufacturing. However, NMR could fill the need for a 

nonintrusive, high information content, online monitoring technique that can be leveraged to 

predict and improve product quality. 

END OF PUBLISHED SECTION 

1.7 Outline of my dissertation 

This dissertation is split into two parts, both containing work of mine utilizing NMR 

metabolomics applied to mammalian cell cultures. The first part will outline my work applying 

untargeted NMR metabolomics to human cell models of disease to gain novel insights into possible 

disease mechanisms. The second part will highlight my work on developing a platform for the 

analysis of culture media in therapeutic cell manufacturing to predict cell product quality and 

function. I will conclude with comments on the future directions of these works. 
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PART 1 

NMR METABOLOMICS IN CELL MODELS OF DISEASE 

CHAPTER 2 

A DIVERGED MCF-7 CELL LINE SHOWS ALTERNATIVE PI3K/AKT SIGNALING AND 

REWIRED METABOLISM ASSOCIATED WITH AN EMT-LIKE PHENOTYPE1 

 

  

1Colonna, M.B., Edison, A.S., Zhao, S. A Diverged MCF-7 Cell Line Shows Alternative PI3K/Akt 
Signaling And Rewired Metabolism Associated With An EMT-Like Phenotype. To be submitted to 
Oncotarget, anticipated acceptance 2023 
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2.1 Abstract 

Spontaneous changes in in vitro cancer cell phenotypes may lend insight into in vivo 

mechanisms of oncogenesis and metabolic changes that coincide with a change in cell phenotype 

are informative to understand the mechanisms and patterns that reflect cancer cell phenotypes [6]. 

We describe a divergent cell line from MCF-7 breast cancer cells, coined “Augusta”, that 

spontaneously acquired phenotypic characteristics of Epithelial-mesenchymal-transition (EMT) 

after extended culture in a high-glucose media. However, untargeted metabolic and transcriptional 

profiling of these cells show changes inconsistent with EMT. Upon further analysis, the PI3K/Akt 

pathway showed highest enrichment of differentially expressed genes, particularly elements of 

PI3K𝛄 signaling. Integrated analysis of metabolic pathways suggests increases in biosynthetic 

activity through glucose consumption, catabolism of branched-chain amino acids (BCAAs), and 

increased lipid turnover in Augusta cells alongside these changes in PI3K𝛄 signaling and 

phenotype. These results illustrate the dramatic metabolic changes that can occur spontaneously 

in cancer cell systems and provides clues to potential mechanisms of cancer cell adaptation to 

changes in environment.  
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2.2 Introduction 

Epithelial to Mesenchymal Transition (EMT) is a conserved process of cellular 

reprogramming that is associated with embryonic tissue development, but also in cancer 

progression1,2. Cancer cells from epithelial tissues sometimes undergo EMT on the way to 

becoming metastatic and invasive. It has been shown in models of EMT that metabolism is both a 

consequence and driver of cancer invasiveness.3,4 Known metabolic adaptations in EMT include 

increased glucose consumption and glycolytic activity, decreased lipid biosynthesis, and evidence 

of mitochondrial dysfunction and oxidative stress3,5,6. There is also a well characterized gene 

expression program that is associated with EMT, characterized by regulation in several key 

effector genes such as ZEB, SNAIL, and TWIST.7,8 Research has been put into understanding 

metabolic pathways involved in EMT in order to develop interventions for cancer progression and 

metastasis9-11. There is still a need for cell models to understand the phenomenon of invasive 

transitions, and particularly metabolic changes that coincide. We present here a variant of the 

MCF-7 cell line coined Augusta. Augusta cells emerged after extended culture in RPMI-1640 

media, compared to typical DMEM media. Crucially, RPMI-1640 contains about double the 

amount of glucose compared to DMEM. Augusta cells possess a mesenchymal cell phenotype and 

increased cell proliferation: characteristics of invasive cancer cells having undergone EMT. We 

sought to assess if this cell line could be used as a spontaneous model of EMT in vitro. To achieve 

this, we performed untargeted 1H NMR metabolomics and RNAseq on Augusta cells as well as 

“stock” MCF-7 cells acquired from ATCC in order to observe if Augusta cells displayed metabolic 

and gene expression changes consistent with EMT. Gene expression and metabolic analysis of 

Augusta cells showed changes partially inconsistent with a canonical EMT. Analysis of the most 

highly altered pathways highlighted the PI3K/Akt super-pathway, and in particular the PI3K𝛄 
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pathway. In addition, our integrated metabolic pathway analysis shows these changes in gene 

expression coincide with an increase in lipid metabolism, biosynthesis from glucose, and 

degradation of branched chain amino acids. These results are consistent with previous work 

identifying the PI3K𝛄 pathway and extracellular acidification as a potentiator for cell invasiveness, 

along with identifying similar metabolic adaptations in invasive cell phenotypes. While these cells 

are not an obvious model for EMT, they provide an opportunity for further exploring the metabolic 

reprogramming among the multitude of cancer cell phenotypes. 

2.3 Results 

Augusta cells are phenotypically diverged from MCF-7 breast cancer cells possessing EMT-like 

characteristics 

While MCF-7 cells retain many differentiated epithelial characteristics, including abundant 

cell-cell contacts, Augusta cells developed a marked change in cell morphology, corresponding to 

a more stromal or mesenchymal phenotype (Figure 2.1A,B). In addition to this change in cell 

morphology, Augusta cells to have a higher proliferation rate as shown by increased DNA content 

(Figure 2.1D), and a show a rapid acidification of the culture media (Figure 2.1C). When grown 

in co-culture with cancer associated fibroblasts, Augusta cells appear to show a more invasive 

phenotype in their growth and cell-cell interactions (Supplemental Figure 2.1). We sought to assess 

the metabolic and transcriptional reprogramming of Augusta cells to determine if they were 

consistent with known signatures of EMT in cancer cells. 
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Figure 2.1: Augusta is a cell line diverged from the parental MCF-7 breast cancer cell line with 
altered morphology and proliferation characteristics. A and B) Phase contrast micrographs of 
MCF-7 and Augusta cells, respectively. Images taken at 400X total magnification. C) Photograph 
of 10cm culture plates after two days culture with equivalent number of cells. Media contains 
phenol red pH indicator. D) DNA fluorescence proliferation assay indicating relative DNA content 
of cell cultures over 9 days. N=4 for each cell line. Stars indicate p-value < 0.05 
 

Table 2.1 Quantification of all significant annotated metabolites from 1H NMR spectra of cell 
extracts (FDR < 0.05, MCF-7 N=10, Augusta N=11) and conditioned media (raw p-value < 0.05, 
MCF-7 N=6, Augusta N=6). Mean values are in relative units. Fold change values are in Augusta 
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relative to MCF-7. Shaded rows indicate increase in Augusta relative to parental MCF-7. 1AXP 
represents adenosine phosphate species that could not be distinguished. 

 

 

Metabolic pathway and transcriptional alterations of Augusta cells are not consistent with 

canonical EMT  

EMT has well defined alterations in metabolism associated with cell state transition, and 

are in fact dependent on these metabolic transitions to maintain an EMT phenotype4. Increased 

consumption of glucose and glutamine, as well as decreases in de novo fatty acid synthesis and 

mitochondrial dysfunction are known signatures of cancer cells that have undergone EMT.3 To 

myo-Inositol 4 0.192 ± 0.01 0.267 ± 0.01 0.476 4.68E-13 1.54E-11
Isoleucine 4 0.626 ± 0.04 0.461 ± 0.04 -0.442 4.14E-09 6.60E-08
Serine 4 0.451 ± 0.03 0.604 ± 0.04 0.421 6.00E-09 6.60E-08
Leucine 4 1.628 ± 0.11 1.208 ± 0.11 -0.431 3.61E-08 2.98E-07
Threonine 4 0.499 ± 0.02 0.422 ± 0.03 -0.242 5.07E-07 3.34E-06
Creatine phosphate 4 0.317 ± 0.08 0.519 ± 0.06 0.712 3.71E-06 2.04E-05
Lactate 4 2.442 ± 0.16 1.981 ± 0.18 -0.302 6.17E-06 2.91E-05
Putrescine 4 0.082 ± 0.01 0.099 ± 0.01 0.268 1.45E-05 5.99E-05
Glycerophosphocholine 3 0.938 ± 0.05 1.085 ± 0.09 0.211 2.08E-04 6.89E-04
Valine 4 0.394 ± 0.02 0.342 ± 0.03 -0.204 2.09E-04 6.89E-04
Glycine 3 0.869 ± 0.04 0.938 ± 0.04 0.109 5.69E-04 1.71E-03
Creatine 4 0.362 ± 0.09 0.499 ± 0.07 0.465 7.93E-04 2.18E-03
AXP1 2 0.166 ± 0.01 0.185 ± 0.01 0.154 1.79E-03 4.53E-03
Citrate 4 0.242 ± 0.04 0.289 ± 0.03 0.256 2.50E-03 5.88E-03
Phenylalanine 3 0.066 ± 0.01 0.051 ± 0.01 -0.380 3.66E-03 7.79E-03
Tyrosine 3 0.201 ± 0.03 0.160 ± 0.03 -0.334 3.78E-03 7.79E-03
Homoarginine 2 0.201 ± 0.04 0.259 ± 0.05 0.363 7.95E-03 1.54E-02
Acetate 3 0.743 ± 0.33 1.141 ± 0.30 0.619 8.90E-03 1.63E-02

Acetate 3 0.615 ± 0.01 5.119 ± 0.24 3.057 6.51E-09 1.69E-07
Pyruvate 4 0.195 ± 0.004 0.392 ± 0.02 1.009 3.47E-07 4.51E-06
Glucose 4 0.967 ± 0.04 0.270 ± 0.06 -1.839 3.41E-06 2.96E-05
Alanine 4 0.368 ± 0.004 0.427 ± 0.01 0.214 1.53E-03 8.46E-03
Proline 4 0.079 ± 0.004 0.107 ± 0.01 0.447 1.63E-03 8.46E-03
Lactate 4 1.533 ± 0.03 1.771 ± 0.06 0.208 3.56E-03 0.015
Ethanol 4 14.230 ± 0.40 15.901 ± 0.41 0.160 0.017 0.062
Glycine 3 0.331 ± 0.001 0.305 ± 0.01 -0.116 0.027 0.088
Glutamate 4 0.450 ± 0.005 0.481 ± 0.01 0.097 0.048 0.127
Glutamine 4 0.806 ± 0.01 0.882 ± 0.03 0.131 0.049 0.127

CELL EXTRACTS

CONDITIONED MEDIA

Metabolite Confidence 
Score

Mean ± SD log2(FC) p -value FDRMCF-7 Augusta



 32 

assess the consistency of Augusta cells’ metabolism with EMT, we performed 1H nuclear magnetic 

resonance (NMR) metabolomics of cell extracts and conditioned media, as well as RNAseq 

transcriptomics on the same cell cultures, analyzed separately as well as integrated.  

NMR profiling of cell extracts quantified 33 annotated metabolites (Supplemental Table 

2.1) A two-tailed t-test identified 18 metabolites that were significantly altered at FDR p-value < 

0.05 (Table 2.1). Additional 1H NMR analysis of the conditioned media at cell harvesting showed 

a significant depletion of glucose, but increased levels of acetate, pyruvate, alanine, proline, and 

lactate in Augusta cell cultures compared to MCF-7 (Table 2.1, Figure 2.2B). 

 

Figure 2.2 Metabolic and transcriptional patterns of Augusta cells inconsistent with EMT from 
MCF-7. A) ssGSEA scores for EMT related genesets. Error bars represent +/- standard error.  N=3 
for each cell line. B) Metabolite abundance in conditioned media as determined by NMR. N = 6 
for each cell line. Stars indicate corrected p-value < 0.05. Triangle indicates raw p-value < 0.05. 
Error bars represent +/- standard error. 

These results show increased consumption of glucose and production of lactate in the 

conditioned media, which are consistent with increased glycolysis. While increase in intracellular 

A B
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citrate level could suggest changes in lipid metabolism, increased phospholipid precursors 

glycerophosphocholine and myo-inositol could be suggestive of increased lipid catabolism or 

synthesis. Additionally, no significant change in glutamine consumption was observed (Figure 

2.2B). Finally, there was no significant change in redox metabolites such as glutathione and proline 

(which were quantified but not significant). Previous investigations into accumulation of ROS in 

mitochondria of Augusta cells were inconclusive (data not shown). 

As an alternative multivariate approach to compare metabolite profiles, orthogonal partial 

least squares discriminant analysis (OPLS-DA) was able to both clearly separate the cell extracts 

and identified spectral features most important in modeling differences between the two cell lines 

(Supplemental Figure 2.2). Of note, features corresponding to branched-chain amino acids 

(BCAAs) and threonine were decreased Augusta cells, while increased intensity of features 

representing creatine phosphate, myo-inositol, serine and citrate were elevated in Augusta cells 

(Supplemental Figure 2.2) Overall, these metabolic results are only partly consistent with Augusta 

cells having an EMT-induced metabolic reprogramming. 

To determine if Augusta cells had a transcriptional profile consistent with EMT, single-

sample geneset enrichment analysis (ssGSEA) was performed for EMT-related genesets in the 

Molecular Signatures Database.12,13 None of the EMT geneset scores examined appeared to be 

significantly altered between MCF-7 and Augusta cells (Figure 2.2A). While some individual 

genes of EMT were significantly altered, there is not overwhelming evidence of an EMT 

transcriptional profile based on these data. Differential gene expression analysis of all quantified 

genes resulted in identification of over 4600 genes significantly altered with a FDR adjusted p-

value < 0.01. To identify pathways most affected, pathway enrichment analysis was performed 

using Paintomics 3.0.14 Among all KEGG pathways, the PI3K-Akt pathway was the most enriched 
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with differentially expressed genes (Figure 2.3A). This pathway contains 270 expressed genes 

quantified by RNAseq, 84 of which were differentially expressed with equal numbers being up 

and downregulated in Augusta (Figure 2.3A). ssGSEA analysis of all genes comprising the PI3K 

pathway in msigDB also shows a significant change in overall pathway expression in Augusta 

cells (Figure 2.3C).   

 

 

Figure 2.3: PI3K/Akt pathway, rather than EMT, is highly altered in Augusta cells. A) Top 
enriched KEGG pathways determined with Paintomics.14 P-values are determined from Fischer-
exact test . “Total” genes correspond to unique genes in dataset that are present in the indicated 
pathway. “Sig.” genes are the subset of mapped features that were determined statistically 
previously (FDR <0.01). BH FDR values are p-values corrected for false discovery using 
Benjamini-Hochberg method. B) Pathway diagram for PI3K/Akt pathway produced by 
Paintomics. Rectangles indicate gene transcripts, those colored represent those quantified by 
RNAseq. Red rectangles represent transcripts increased in Augusta relative to MCF-7, blue 
decreased. Significantly differentially expressed genes (FDR < 0.01) are noted with red star icons. 
C) Mean ssGSEA scores for PI3k/Akt pathway genes according to KEGG geneset. P-values 
determined from two-tailed T-test D) Quantification of RNAseq read counts containing residue 
545 of PIK3CA gene. P-value calculated by chi-squared test. 

 

A B

C

D
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Augusta cells exhibit downregulated expression of mutant PIK3CA transcript and upregulate 

components of G-protein and PI3K𝛄 signaling 

PIK3CA is a component of the PI3K complex and one of the most commonly mutated 

genes in breast cancers. Of these, a known oncogenic mutation occurs at residue 545. Sequencing 

reads mapped to this residue were examined and counted, showing a decrease in reads containing 

the mutant residue in Augusta cells (Figure 2.3D). The expression of this mutant transcript of 

PIK3CA is known to affect glutamine metabolism in colorectal cancer cells.15 

ssGSEA was performed again for all PI3K-related genesets in the Molecular Signatures 

Database in attempt to narrow down the specific context of PI3K signaling that is altered in 

Augusta. The Reactome geneset “G beta gamma signaling through PI3K-gamma signaling” 

provided the lowest p-value when comparing enrichment scores between Augusta and MCF-7 

(Figure 2.4A).16 Among the 44 expressed genes in this pathway, 18 were differentially expressed, 

and 16 of those were increased in Augusta cells. These significantly increased genes corresponded 

to signaling kinases PAK1 and AKT1/2, an activator protein of PAK1, G-protein beta and gamma 

subunits, phospholipase C beta, effector proteins of CDC42, a regulatory subunit of PI3K-gamma, 

and inhibitor protein of BTK (Figure 2.4B).  
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Figure 2.4 Augusta cells show increased expression of G beta-gamma signaling components that 
contribute to cell invasiveness and increased metabolic activity. A) Single-sample geneset 
enrichment results for top significant genesets involved in PI3K signaling N=3. B) Differentially 
expressed genes from G beta gamma signaling pathway. Fold change is Augusta relative to MCF-
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7. Shaded rows indicate genes upregulated in Augusta. C) Schematic showing expression of G 
beta gamma signalling network, adapted from Reactome pathway diagram. Rectangles indicate 
gene products  quantified by RNAseq, color indicates up or down regulation in Augusta, uncolored 
are not differentially expressed. Black arrows indicate activation reactions/interactions. 

 

This pattern of upregulated components of G beta-gamma signaling points towards 

increased activation of PAK1, CDC42 and AKT. PAK1 and CDC42 signaling in particular have 

been implicated in cell migration and invasion, cytoskeletal reorganization and cell cycling.17-19 

PAK1 regulates expression of several targets including VEGF and PFKM, which are both 

upregulated in Augusta, providing more evidence of increased PAK1 signaling via G-protein 

activation.20,21 Components of PI3K𝛄 have also seen recent attention for its role in increasing 

cancer cell invasiveness and proliferation.22-24 Together, these gene expression data provide 

evidence of cell morphological and proliferation changes driven by G protein beta-gamma activity 

ultimately leading to activation via PI3K𝛄.  

Table 2.2 Top enriched KEGG Metabolism pathways determined with Paintomics14. P-values are 
determined from Fischer-exact test . “Mapped” genes and metabolites correspond to unique genes 
or metabolites in dataset that are present in the indicated pathway. “Sig.” genes and metabolites 
are the subset of mapped species that were determined statistically significant within each -omic 
dataset previously. Q-values corrected for false discovery rate among KEGG Metabolism pathway 
enrichment tests using Benjamini-Hochberg method. 
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Metabolic alterations in Augusta cells suggests an increase in biosynthetic metabolism and lipid 

turnover 

To better characterize the metabolic alterations occurring in Augusta cells, metabolic 

pathway enrichment was performed utilizing both transcriptomic and metabolomic data. Among 

KEGG metabolism pathways, branched-chain amino acid degradation is the most enriched (Table 

2.2). Genes involved in the early, rate limiting steps of BCAA degradation (BCAT2, BCKDH), 

were significantly upregulated in Augusta cells, corresponding with the decrease in abundance of 

intracellular BCAAs themselves (Figure 2.5). Additionally, expression of genes comprising the 

LAT1 transporter (SLC7A2, SLC7A5), are also significantly upregulated in Augusta cells (Figure 

2.5, Supplementary Data) suggesting an increased catabolism of BCAAs for lipid biosynthesis or 

TCA cycle cataplerosis. 
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Figure 2.5 Model of metabolic alterations in Augusta cells compared to MCF-7 coinciding with 
differential PI3K𝛄 signaling. Rectangles indicate gene transcripts quantified by RNAseq, circles 
represent metabolites quantified by NMR, other important metabolites/pathways labeled with text, 
arrows indicate biochemical reactions/pathways. Colored nodes indicate features statistically 
significant, and shade indicates relative log2 fold change. AXP= adenosine mono/di/tri-phosphates 
PPP = Pentose Phosphate Pathway, HBP = Hexoasmine biosynthetic pathway, OAA = 
Oxaloacetate 
 

Another highly enriched metabolic pathway with multiple quantified metabolites is 

glycolysis/gluconeogenesis. The glucose transporter GLUT4 and approximately half of the genes 

involved in transformation of glucose to pyruvate are significantly upregulated (FDR p-value < 

0.01) in Augusta, suggesting an increase in overall glucose uptake and utilization by Augusta cells 

consistent with profiles of conditioned media (Table 2.2, Figure 2.5). This is consistent with 
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enrichment of pyrimidine and purine metabolic pathways (Table 2.2), coupled with the significant 

increase of adenosine phosphate in Augusta cells (Table 2.1). Furthermore, the genes 

corresponding to branch points into the pentose phosphate, hexosamine, and serine biosynthetic 

pathways (G6PD, GFPT and PHGDH respectively) are significantly upregulated in Augusta cells 

(Figure 2.5), providing more evidence of increased glucose flux into biosynthesis of these 

metabolites. 

The remaining enriched metabolic pathways are broadly related to lipid metabolism (Table 

2.2). Most genes comprising the terpenoid and steroid biosynthetic pathways are significantly 

downregulated. This includes HMGCR, which encodes the enzyme responsible for the committed 

step in terpenoid and steroid biosynthesis from acetyl-CoA. (Figure 2.5, Supplementary Figures). 

Fatty acid metabolism/degradation, ketone body metabolism and glycerolipid metabolism are 

highly branched and complex in their patterns of gene expression, yet their enrichment in 

significantly altered genes indicate an increased level of phospholipid turnover and/or biosynthesis 

(Supplementary Figures). Significantly increased abundance of phospholipid precursors myo-

inositol and glycerophosphocholine in cell extracts are also indicative of phospholipid 

biosynthesis/turnover occurring within Augusta cells (Table 2.1).  

Together, these enrichment and expression patterns in the above metabolic pathways point 

to an increased glucose flux for biosynthesis, increased BCAA catabolism and increased lipid 

metabolism (but less steroid biosynthesis) in Augusta cells compared to the parental MCF-7 

(Figure 2.5). These patterns are congruent with the differences of cell phenotype such as increased 

proliferation rate, which requires nucleotides and amino acids for replication, and altered cell 

membrane morphology reflecting changes in lipid composition. The implications of these will be 

discussed further in the following section. 
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2.4 Discussion 

As described previously, metabolic reprogramming is a hallmark of EMT that has been 

characterized across several studies including increased glycolysis, oxidative stress, increased 

glutamine consumption, and lipid catabolism. Here we discuss some of the major metabolic 

pathways found to be altered between MCF-7 and Augusta cells and their implications in cancer 

invasive transition.  

Metabolic alterations in Augusta cells not consistent with canonical EMT metabolic 

reprogramming, but consistent with other observations of invasive transition processes  

Highly proliferative cells, and cancer cell particularly, exhibit high rates of aerobic 

glycolysis, or the Warburg effect. Current understanding points to several ways that the Warburg 

effect benefits cancer cells, including acidification of the tumor microenvironment for 

immunosuppression, and providing biosynthetic precursors.25 The combination of our 

metabolomics and gene expression data support increase in glycolysis and glucose flux towards 

biosynthesis of amino acids, nucleotides, and lipids in Augusta cells (Figure 2.5). The true fate and 

utilization of glucose in our cell system could be strengthened with use of isotopically labeled 

glucose.  

BCAAs have previously been implicated in potentiating cancer cell proliferation and tumor 

growth by stimulating mTOR signaling.26,27 While these previous studies have shown that an 

accumulation of intracellular BCAAs increase in cancer cell proliferation, our results indicate a 

different role in Augusta cells. Our pathway level analysis suggests that BCAAs may be 

catabolized to substrates for TCA cycle anapleroisis and/or increased lipid biosynthesis. The latter 

scenario was recently demonstrated in pancreatic cancer cells, where lipid synthesis from BCAA 

catabolism was required for cell growth.28 Another recent study by Shafei et al. demonstrated that 
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inhibition of BCAA metabolism decreased cell proliferation and migration in breast cancer cells.29 

Future analysis of non-polar metabolites of cells could provide more evidence of BCAA 

catabolism intermediates and lipid synthesis not detected by the methods used here. Consistent 

with this, the BCAA transporter (LAT1) is upregulated in Augusta cells (Figure 2.5); however, 

quantification of BCAA uptake were not assessed directly, and there was no significant change in 

abundance of BCAAs measured in conditioned media (Table 2.1). Future work should include 

time-course analysis of extracellular media during culture to establish relative rates of BCAA 

uptake between cell lines. Isotopic labeling experiments would be needed to conclusively 

determine the absolute consumption of BCAAs or other nutrients. As it stands, this study adds to 

evidence supporting the role of BCAAs as important carbon sources for increased proliferation in 

cancer cells. 

Changes in lipid metabolism observed in Augusta cells match previously described 

changes in membrane lipid composition during EMT, characterized by a decrease in cholesterol 

content and increase in phospholipids.30 Along with this altered membrane lipid composition, 

EMT/invasive transition is associated with increased expression of extracellular matrix proteases 

and receptors such as MMP15, MMP17, and PAR1 which are all upregulated in Augusta cells 

(Figure 2.4B, Supplemental Data).31-33 EMT signatures quantified by ssGSEA did not show any 

consistent differences between Augusta and MCF-7 cells, suggesting that Augusta may be in a 

pre-EMT transition, or perhaps our cell culture system lacks the signals (i.e. TGF-β) to induce a 

strong canonical EMT transcriptional signature (Figure 2.2A).  

Alternative PI3K signaling is potentially responsible for maintaining growth signaling through 

invasiveness transition 
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The PI3K pathway has been extensively studied in the context of cancer and disease.34,35 

PIK3CA is part of the Class IA PI3 kinases, activated primarily by receptor tyrosine kinases and 

Ras-related GTPases. Specific oncogenic mutations to this gene have been shown to have specific 

effects on reprogramming metabolism and malignancy.15,36,37 Our RNAseq analysis showed a 

significant decrease in overall PIK3CA expression, while examination of the mapped reads shows 

a significant decrease in reads specifically containing the oncogenic E545K mutation (Figure 

2.3D). Expression of this specific mutation has been shown to increase glutamine consumption in 

colorectal carcinoma cells, but our data did not provide evidence of significant alterations in this 

pathway.15 PI3K𝛄, on the other hand, is of Class IB, which is activated primarily by G-protein 

coupled receptors through interaction with the beta-gamma subunit. Though typically active in 

immune cells, PI3K𝛄 components have been identified to regulate invasiveness and growth in 

cancer cells. 17-19,38 The specific component found to be upregulated in Augusta cells is the 

regulatory subunit also known as p101, which was previously identified as having a potential 

oncogenic role in cancer cells.22 The corresponding Class IB catalytic subunit, PIK3CG, was not 

quantified in our RNAseq data. Future work will verify it’s presence by protein blotting and/or 

qPCR of these specific components to investigate further how activity of this pathway is 

differentially regulated in these cells.  

Extracellular acidosis as an ontology for invasive transition of cell phenotype 

One of the initial observations of the divergence of Augusta cells was a rapid and severe 

acidification of the culture media indicated by the phenol red in RPMI 1640 medium (Figure 2.1C). 

This acidification is confirmed by the significant increases in lactate and acetate measured in 

conditioned media (Table 2.2). Several recent studies have investigated the effect of an acidic 

extracellular environment on cancer metabolism and phenotype, including EMT.39-41 Several 
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reported observations, including increased glycolytic capacity, pentose phosphate activity, altered 

lipid metabolism, and upregulation of some EMT markers such as TWIST1 and IDH2 were 

consistent here, suggesting that acidosis may contribute to the EMT-like transformation of Augusta 

cells. It is worth re-addressing that Augusta cells diverged after many passages in RPMI-1640 

media. RMPI 1640 base formula contains twice the concentration of glucose compared to DMEM 

media typically used for MCF-7 cells. This higher glucose content could have allowed for 

increased glycolytic capacity and acidification of culture media, which may have contributed to 

this invasive transition through the mechanisms proposed in these recent studies. 

In summary, we performed the multi-omic profiling of a diverged cell line to describe the 

metabolic and signaling pathways associated with changes in cell morphology and proliferation 

resembling an EMT phenotype. Increased glucose consumption, BCAA catabolism, and 

phospholipid metabolism are concomitant with a pre-EMT invasive cell phenotype stimulated by 

increased G beta-gamma signaling and alternative PI3K activation. These results add to the 

growing body of evidence implicating these metabolic and signaling pathways as connected 

hallmarks of invasive transition in cancer cells. 
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2.6 Materials and Methods 
Cell culture 

MCF-7 cells were purchased from ATCC, Augusta cells were a gift from Huidong Shi at 

Augusta University. Cell lines were maintained in RPMI 1640 media (Corning Cellgro) 

supplemented with 10% fetal bovine serum (Alphabioregen) and 1% penecilin/streptomycin (Life 

Technologies). Cells used for all experiments were between passage number 10 and 20, and 

passaged at least twice after recovery of frozen stocks. Passages were performed at 1:5 or 1:6 split 

ratios. During culture of cells for metabolomics analysis, media were replaced every two days, 

which included a wash step of phosphate buffered saline (PBS) prior to addition of fresh media.  

Cell proliferation assay 

Freshly passaged cells were resuspended in growth medium. Serial dilutions ranging from 

50 to 50,000 cells in 100 ml final volumes were prepared in 96-well clear-bottom microplates 

(Corning Costar). Four replicate samples were prepared in wells for each serial dilution of each 

cell line, along with control samples for media background fluorescence measurement, and 

incubated at 37°C at 5% CO2 . Every 2 days, growth medium was aspirated and replaced with 

fresh growth medium. Microplate cultures were harvested by placing directly into -80°C freezer. 

Plates were harvested at 2, 4, 7, and 11 days after initial seeding and kept at -80°C until all plates 

were harvested. Microplates were then thawed at room temperature, and 100 mL of SYBR Green 

(Life Technologies) lysis buffer (at a concentration of .33 uL SYBR Green per mL) was thoroughly 

mixed into each well. Plates samples were incubated in darkness for one hour. Fluorescence was 

then recorded on Cytation5 plate reader (BioTek Instruments) with an excitation wavelength of 

485 nm, and emission wavelength of 530 nm. Average media control values from each plate were 
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subtracted from cell sample measurements to remove background. Relative signal from first 

timepoint for each cell line was plotted against time for Figure 1C.  

Metabolomics sample preparation 

MCF-7 and Augusta cells were grown simultaneously in 100mm plates to ~80% 

confluency, with media being replaced every two days during culture. Media reagents used 

throughout each culture period were from same source and lot. At the end of the culture period, 

media was removed and flash frozen in liquid nitrogen. Cell monolayer was washed three times 

with PBS (-/-) . Approximately 1/8th of cells were removed with a clean cell scraper, collected in 

PBS, and resuspended in RNA lysis buffer (Qiagen) for RNA extraction. 1 mL of ice cold 

extraction solvent (80:20 methanol:water, HPLC grade) was added to remaining cells on the plate. 

Remaining cells were scraped, collected in a 1.5 mL microfuge tube, and flash frozen in liquid 

nitrogen. For an extraction control, another tube was filled with the same volume of extraction 

solvent, flash frozen and stored with experimental samples. Samples were stored at -80°C until 

extraction. For extraction, cells were thawed on ice and then vortexed at maximum speed for 2 

minutes to lyse cells and extract polar metabolites. Cell lysates were then centrifuged at 14,000 

rpm (Eppendorf 5417C) for 15 min at 4°C. Supernatants were transferred to new microfuge tubes. 

Solvent was evaporated using vaccum centrifuge instrument (Labconco) until dry (~6 hrs). Dried 

extracts were stored at -80°C until just prior to NMR analysis. Dried extracts were resuspended in 

200 uL of 100 mM phosphate buffer in D2O with 1/3 mM deuterated sodium 

trimethylsilylpropanesulfonate (DSS-D6) (Cambridge Isotope Laboratories) adjusted to pH of 7.4. 

20 uL from each reconstituted experimental sample was taken and combined to form an internal 

pooled control sample. 180 uL of samples were transferred into 3mm NMR tubes (Bruker 

Biospin). 
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Conditioned media was thawed on ice for 1 hour, clarified by centrifugation at max speed 

for 15 minutes and aliquoting supernatant to new tube.  An equal amount from experimental 

sample combined to create internal pool. 100 mM DSS-D6 in D2O was added to aliquot of clarified 

medium for a final concentration of 10% in a total volume of 200 uL, 180 uL of which was 

transferred to 3mm SampleJet NMR tubes (Bruker Biospin).  

NMR data acquisition 

All data were collected on an 800 MHz Bruker Avance III HD spectrometer with a 5mm 

TCI cryoprobe using TopSpin software (Bruker Biospin). NOESYPR1D spectra were collected on 

each sample in automation using ICON-NMR (Bruker Biospin). In addition, two-dimensional 13C-

1H HSQC and 1H-TOCSY spectra were collected for the pooled samples. 

Metabolite Annotation 

Two dimensional spectra were processed in NMRpipe.42 Processed HSQC and TOCSY 

spectra were submitted to the COLMARm web server for database matching of HSQC peaks. 43 

HSQC matches were manually reviewed with TOCSY and proton spectra to confirm the match. 

Annotations were assigned a confidence score based upon the levels of spectral data supporting 

the match as previously described.44 For annotations with confidence score of 3 or higher, a single 

spectral bin was selected from 1D data to quantitate that compound. 

NMR Data Processing  

All one-dimensional spectra were manually phased and baseline corrected using TopSpin 

3.5 (Bruker Biospin). Processed spectra were imported into MATLAB (Mathworks, Inc.). Using 

an in-house MATLAB toolbox (available at 

https://github.com/artedison/Edison_Lab_Shared_Metabolomics_UGA), spectra were referenced 

to DSS, aligned, and normalized using the PQN algorithm.45 Using an interactive script, 
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boundaries of all spectral features were manually selected and automatically integrated to produce 

a matrix of feature intensities. Cell extract feature intensities were batch corrected between 

independent experiments using the ComBat method implemented in Metaboanalyst web-

server.46,47 These batch corrected data were used to perform subsequent statistical analyses. 

Metabolomics Statistical Analysis 

The batch corrected intensities for all spectral features were quantile normalized and pareto 

scaled before input to create an orthogonalized partial least squares discriminant analysis (OPLS-

DA) model in Metaboanalyst46. Features with high variable importance to projection (VIP) scores 

were matched to annotated metabolites. After assignment of all identifiable metabolites to a single 

spectral feature, univariate analysis was performed in MATLAB. False discovery rate correction 

was applied to all p-values using the Benjamini-Hochberg method.48  

RNAseq sample preparation  

Cells from six cultures of the two cell lines described were combined pairwise to produce 

3 unique biological samples for each cell line. Total RNA was extracted from cells using AllPrep 

DNA/RNA Mini kit according to manufacturer’s instructions (Qiagen). RNA concentration and 

quality was estimated with nanoDrop instrument (Thermo) ( 280/260 ratio ~2) and by agarose gel 

electrophoresis.  Approximately 1 ug of total RNA was submitted to the Georgia Genomics and 

Bioinformatics Core for library preparation and Illumina sequencing of 75bp paired end reads.  

Transcriptomics analysis 

Sequencing reads were mapped to human genome assembly hg38 with HISAT2.49,50  

Uniquely mapped paired reads were input to Stringtie with the –e option for gene level 

quantification using the refSeq human genome annotation.51 To filter the set of genes used for 

analysis to consistently expressed genes, genes were excluded that did not have an FPKM value 
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greater than zero for all samples AND greater than 1 for at least one sample. From this set of genes 

(13036), gene level read counts were used as input for DEseq2 using the GenePattern web-

server.52,53 

Pathway Analysis 

Log2 fold changes of all expressed genes (13036) and annotated metabolites (31) between 

Augusta and MCF-7 cells were input to Paintomics 3.0. “relevant features” used for the analysis 

were Metabolites that were significant with FDR p-value < 0.05 (Table 1), and all genes with FDR 

p-value < 0.01 determined by DESeq2.  

Data Availability 

Raw 1D and 2D NMR spectra, along with all associated scripts and MATLAB workflows 

available on request. Manually selected spectral features used for OPLS-DA, and full table of all 

annotated metabolite values and unknown features available in Supplementary Data. Raw RNAseq 

data available on request. RNAseq mapping and processing scripts available on request. Full 

DESeq2 results, including fold change values and significant genes used for pathway analysis 

available in Supplementary Data. 
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CHAPTER 3 

FUNCTIONAL ASSESSMENT OF HOMOZYGOUS ALDH18A1 VARIANTS REVEALS 

ALTERATIONS IN AMINO ACID AND ANTIOXIDANT METABOLISM1 

  

 1Colonna, M. B.; Moss, T.; Mokashi, S.; Srikanth, S.; Jones, J. R.; Foley, J. R.; Skinner, C.; Lichty, 
A.; Kocur, A.; Wood, T.; Stewart, T. M.; Casero, R. A.; Flanagan-Steet, H.; Edison, A. S.; Lyons, M. 
J.; Steet, R. Hum Mol Genet 2022. Reprinted here with permission from publisher. 
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Abstract  

Mono- and biallelic variants in ALDH18A1 cause a spectrum of human disorders associated 

with cutaneous and neurological findings that overlap with both cutis laxa and spastic 

paraplegia.  ALDH18A1 encodes the bifunctional enzyme pyrroline-5-carboxylate synthetase 

(P5CS) that plays a role in the de novo biosynthesis of proline and ornithine.  Here we characterize 

a previously unreported homozygous ALDH18A1 variant (p.Thr331Pro) in four affected probands 

from two unrelated families, and demonstrate broad-based alterations in amino acid and 

antioxidant metabolism.  These four patients exhibit variable developmental delay, neurological 

deficits, and loose skin.  Functional characterization of the p.Thr331Pro variant demonstrated a 

lack of any impact on the steady-state level of the P5CS monomer or mitochondrial localization 

of the enzyme, but reduced incorporation of the monomer into P5CS oligomers. Using an 

unlabeled NMR-based metabolomics approach in patient fibroblasts and ALDH18A1-null human 

embryonic kidney cells expressing the variant P5CS, we identified reduced abundance of 

glutamate and several metabolites derived from glutamate, including proline and 

glutathione.  Biosynthesis of the polyamine putrescine, derived from ornithine, was also decreased 

in patient fibroblasts, highlighting the functional consequence on another metabolic pathway 

involved in antioxidant responses in the cell.  RNA sequencing of patient fibroblasts revealed 

transcript abundance changes in several metabolic and ECM-related genes, adding further insight 

into pathogenic processes associated with impaired P5CS function.  Together these findings shed 

new light on amino acid and antioxidant pathways associated with ALDH18A1-related disorders, 

and underscore the value of metabolomic and transcriptomic profiling to discover new pathways 

that impact disease pathogenesis.  



 58 

Introduction  

ALDH18A1 encodes delta-1-pyrroline-5-carboxylate synthase (P5CS), a bifunctional 

mitochondrial enzyme involved in the de novo biosynthesis of several amino acids and 

metabolites, including proline and ornithine 1,2.  This enzyme catalyzes the conversion of 

glutamate to pyrroline-5-carboxylate, which is subsequently used by either ornithine 

aminotransferase (OAT) to make ornithine 3, or pyrroline-5-carboxylate reductase (PYCR1) to 

make proline (Figure 1A).  The metabolism of glutamate by P5CS connects this enzyme with both 

the urea cycle and TCA cycle as well as the biosynthesis of several different amino acids and 

polyamines.  In addition, several of the downstream reaction products of P5CS, including the 

polyamines and proline, are involved in cellular antioxidant responses 4-8.  The P5CS substrate, 

glutamate, is also utilized by the cell for glutathione biosynthesis, further highlighting the 

importance of this metabolic pathway in establishing redox and antioxidant capacity.   

ALDH18A1 was first associated with human disease following the identification of two 

patients with a neurocutaneous disorder who were shown to bear biallelic mutations in the gene 

9.  ALDH18A1 has also been implicated in several human cancers including breast cancer and 

melanoma 10-12. The clinical complexity of ALDH18A1-related disorders expanded with the 

identification of variants in this gene associated with complicated forms of inherited spastic 

paraplegia 13,14.  Based on the analysis of this broadening clinical spectrum and the impact of 

known ALDH18A1 mutations, ALDH18A1-related disorders in humans are thought to encompass 

at least two distinct syndromes - hereditary spastic paraplegia 9 (SPG9A and B) and cutis laxa 3 

(ADCL3 and ARCL3A) 15.  Dominant and recessive mutations have now been identified for both 

disorders.  The cutaneous phenotypes associated with cutis laxa may arise in part from impaired 

proline biosynthesis, which may limit the production of collagen and elastin in the skin and other 
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tissues.  The mechanistic basis of the neurological manifestations is not fully understood.  These 

impairments may relate to the altered availability of key metabolites for both the urea cycle and 

TCA cycle (reviewed in 15).  The connection to the urea cycle is reinforced by similarities in motor 

neuron degeneration evident in patients with arginase and ornithine transporter defects 14.   

Monitoring the fate of isotopically-labeled glutamate in patient cells has been useful in 

establishing the pathogenicity of ALDH18A1 variants 16,17.  This functional approach, however, 

does not provide insight regarding the complete landscape of metabolic changes that stem from 

impaired P5CS function. This limits our understanding of the factors and metabolites that 

contribute to disease pathogenesis.  Here we describe a previously unreported missense 

homozygous variant of uncertain significance (p.Thr331Pro) in ALDH18A1 present in four 

affected probands from two unrelated families.  These patients show many clinical features 

consistent with SPG9B, including global developmental delay and hypotonia, but share other 

symptoms with ARCL3A such as loose, hyperelastic skin.  Studies were performed in patient cells 

to functionally resolve this variant of uncertain significance, and explore the metabolic and 

transcriptomic profiles that accompany impaired P5CS function.  NMR-based metabolomic 

studies in two different cell systems and transcriptomic profiling on patient fibroblasts uncovered 

the involvement of numerous metabolites and pathways not identified in prior studies, including 

extensive mobilization of glutamate-derived antioxidant pathways, and abnormal abundance of 

extracellular matrix (ECM) proteins and ECM-modifying enzymes.  The implications of these 

findings with regard to antioxidant responses, metabolic adaptations and cutaneous disease 

pathogenesis in these patients are discussed.  
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Results  

Clinical summary of patients  

The pedigrees of the two families are shown in Figure 3.1B.  The domain organization of 

the P5CS enzyme and the position of the homozygous variant found in all four affected patients is 

depicted in Figure 3.1C.  The clinical and diagnostic findings in the four patients from two 

unrelated families is described below, and the clinical features of these patients compared to those 

with ARCL3A and SPG9B are summarized in Table 3.1. 

 

 Table 3.1 Summary of Clinical Findings in the Patients Compared to ARCL3A and SPG9B.  
   

Clinical Features  

Family 

1  

Family 2           

P1  P2  P3  P4  Total  ARCL3A  SPG9B  

Age of onset  6 mo  7 

mo 

7 

mo  

2 mo  2-7 

mo  

0-6 mo  ~5 yo  

Cutis laxa  -  -  -  -  0/4  +++  -  

Skin hyperelasticity  -  +  +  +  3/4  -  -  

Global developmental 

delay  

+  +  +  +  4/4  +++  +++  

Hypotonia  +  +  +  +  4/4  +++  +  

Joint hypermobility  -  +  +  +  3/4  +++  +  

Short stature  -  +  +  +  3/4  +++  ++  

Microcephaly  +  +  +  -  3/4  +++  ++  

Visible veins  +  +  +  +  4/4  ++  -  
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Cataracts  -  +  -  -  1/4  ++  +  

Hypertonia/spasticity  +  -  -  -  1/4  +  +++  

Corpus callosum 

hypogenesis  

+  +  ?  ?  2/2  +++  +  

 

Family 1  

Patient 1 (P1) is a 10-year-old female who initially presented for a genetics evaluation at 

16 months old for developmental delay.  She was first noted to have developmental delay at 6 

months old.  She sat at 16 months, started taking steps with assistance at 5 years, and walking at 7 

years.  She started saying mama when she was 2 years old.  She now has a few signs but no other 

words.  She has a history of pyloric stenosis, gastroesophageal reflux, constipation, gastric 

dysmotility, obstructive sleep apnea, and bruxism.  Her neurologic findings include a generalized 

resting tremor, hypotonia, periods of hyperventilation, head titubation, and spastic diplegia.  She 

wears splints on her arms to prevent self-injurious behavior.  At her most recent physical exam, 

she had a weight of 28.1 kg (Z = -0.90), height of 128.6 cm (Z = -1.47), and head circumference 

of 48.2 cm (Z = -3.24).  She was noted to have a broad face, deep-set eyes, synophrys, high nasal 

bridge, mild 2-3 toe syndactyly, central hypotonia, and lower limb spasticity.  Her skin exam was 

normal without loose skin.  A brain MRI revealed prominent ventricles and subarachnoid spaces 

with thin corpus callosum and incomplete myelination.  She has had normal urine organic acids, 

plasma amino acids, and carnitine levels.  Chromosomal microarray analysis (NCBI 36/hg18) did 

not identify any copy number variants but did reveal a 20-megabase block of homozygosity on 

chromosome 10q22.3q24.1.  She has had normal methylation analysis for Angelman syndrome, 

sequencing and Multiplex Ligation-dependent Probe Amplification (MLPA) analysis of the 



 62 

MECP2 gene, myotonic dystrophy testing, high-resolution chromosome analysis, and sequencing 

of the TCF4, UBE3A, SLC9A6, CDKL5, and FOXG1 genes.  A syndromic autism panel revealed 

a variant in SHANK3 which was maternally inherited and not felt to be clinically 

significant.  Whole exome sequencing revealed a variant in CACNA1G which was maternally 

inherited and not felt to be clinically relevant.  The (NM_002860.3:c.991G>T; p.Thr331Pro) 

variant in ALDH18A1 that was initially reported as a variant of uncertain significance but has 

subsequently been re-classified as likely pathogenic. This amino acid alteration is located in the 

C-lobe of the glutamate-5-kinase domain of the enzyme with no other known disease-causing 

variants in close proximity. With the new functional evidence provided below, 

the ALDH18A1 alteration has been reclassified as likely pathogenic based on ACMG criteria.  The 

evidence used for this reclassification includes 1) it is present at a very low frequency in the public 

SNP databases (PM2) 2) parental testing indicated all four parents are heterozygous carriers of this 

alteration which confirms homozygosity in the probands (PM3), and 3) functional analyses using 

patient fibroblasts and ALDH18A1 knockout HEK293 cells expressing the p.Thr331Pro variant 

enzyme demonstrated alterations in metabolites consistent with a pathogenic effect for this variant 

(PS3).  

Family 2  

Patient 2 (P2) is a 6-year-old female who initially presented for a genetics evaluation at 10 

months old due to developmental delay.  She has a history of poor weight gain, gastroesophageal 

reflux, cataract, and hypotonia.  She babbles but does not have any words.  She can pull herself to 

a stand but does not walk.  At her most recent physical exam, she had a weight of 12.1 kg (Z = -

5.18), height of 96.2 cm (Z = -4.31), and head circumference of 45 cm (Z = -4.59).  She has full 

cheeks, epicanthal folds, supraorbital fullness, deep-set eyes, full lips, open mouth, small jaw, mild 
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tooth decay, prominent antihelices, decreased muscle mass, hypotonia, joint hypermobility, mild 

skin hyperelasticity, and visible veins on her face and trunk.  Brain MRI at 7 months revealed thin 

corpus callosum and delayed myelination.  She has had normal conventional karyotyping, whole 

genome chromosomal microarray analysis, plasma amino acids, acylcarnitine profile, carnitine 

levels, urine organic acids, and myotonic dystrophy testing.  Whole exome sequencing revealed a 

heterozygous variant in GJC2 but no evidence of an alteration of the other allele on 

deletion/duplication testing.  She also was found to have a heterozygous secondary finding in 

PALB2 associated with increased cancer risk.  Exome sequencing also revealed a homozygous 

NM_002860.3: c.991A>C (p.Thr331Pro) variant in ALDH18A1 that was initially reported as a 

variant of uncertain significance but has subsequently been re-classified as likely pathogenic.  

Patient 3 (P3) is a 4-year-old male who initially presented for a genetics evaluation at 16 

months old for developmental delay and poor growth.  He has a history of hypotonia, 

gastroesophageal reflux, and feeding difficulties.  He is able to prop sit but is nonambulatory and 

nonverbal.  At his most recent physical exam, he had a weight of 9.25 kg (Z = -7.06), height of 

85.3 cm (Z = -4.62), and head circumference of 46.1 cm (Z = -3.48).  He has full cheeks, epicanthal 

folds, supraorbital fullness, unfurled superior helices, full lips, open mouth, small jaw, tooth decay, 

decreased muscle mass, hypotonia, joint hypermobility, mild skin hyperelasticity, and veins visible 

on his face and trunk (see Supplemental File 3.1).  He had normal plasma amino acids, 

acylcarnitine profile, carnitine levels, and urine organic acids.  Targeted gene testing revealed 

homozygosity for the p.Thr331Pro variant in ALDH18A1 previously identified in his older sister.  

Patient 4 (P4) is a 16-month-old female who initially presented for a genetics evaluation at 

4 months old due to the family history of two siblings with homozygous ALDH18A1 variants.  She 

has a history of hypotonia, poor weight gain, constipation, gastroesophageal reflux, and 
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eczema.  She can prop sit but is not walking.  She has no words.  At her most recent physical exam, 

she had a weight of 7.1 kg (Z = -2.80), height of 69.7 cm (Z = -3.29), and head circumference of 

44.2 cm (Z = -1.43).  She has full cheeks, epicanthal folds, supraorbital fullness, deep-set eyes, 

open mouth, protruding tongue, hypotonia, joint hypermobility, mild skin hyperelasticity, and 

visible veins on her face and trunk.  Her only genetic testing has been targeted testing which 

revealed homozygosity for the p.Thr331Pro variant in ALDH18A1.  

 
Figure 3.1 Overview of metabolic pathways connected to P5CS and the domain organization of 
the enzyme. (A) Schematic of the different metabolic pathways that are connected to the products 
of the P5CS-mediated reaction, and utilize the P5CS substrate, glutamate; a-KG, a-ketoglutarate; 
OAT, ornithine transaminase; PYCR1, pyrroline-5-carboxylate reductase (B) Pedigrees of the two 
families and four affected individuals included in this study; (C) Domain organization of the P5CS 
enzyme and location of the homozygous p.Thr331Pro variant found in all four patients; MLS, 
mitochondrial localization signal; CFB, co-factor binding domain.  
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Functional characterization of p.Thr331Pro variant in HEK293 and patient-derived cells  

To explore the functional impact of this variant, we generated an ALDH18A1-knockout 

HEK293 cell line using CRISPR-Cas9 gene editing, and used this cell line to re-express either the 

WT or p.Thr331Pro variant-bearing P5CS enzyme.  As shown in Figure 3.2A, the ALDH18A1-

KO cells show undetectable levels of the P5CS protein. Upon expression of either the WT or 

variant enzyme, no major differences in the abundance or electrophoretic mobility of the P5CS 

enzyme were noted when transfection efficiencies were equivalent, indicating that the variant 

protein is not inherently unstable or subject to proteolysis.  This same set of cells were stained with 

an anti-P5CS antibody to examine whether the mitochondrial localization of the enzyme was 

altered (Figure 3.2B).  The P5CS enzyme localizes to structures consistent with mitochondria in 

WT HEK293 but is undetectable in the ALDH18A1 KO cells. The WT and p.Thr331Pro P5CS 

were shown to localize to the mitochondria when expressed in the KO HEK293 cells, as 

determined by co-staining with a TOM20 antibody.  We did not note any substantial differences 

in the localization of the p.Thr331Pro P5CS in these immunostains.  Skin fibroblasts from P2 were 

obtained and used to investigate the level and localization of endogenous P5CS.  We showed that 

the steady-state level of the P5CS monomer in the patient cells is comparable to control fibroblasts 

(Figure 3.2C). Prior studies on ALDH18A1 variants have demonstrated effects on the ability of 

the enzyme to form homo-oligomers as the basis for compromised function 16,18.  This possibility 

was tested in the primary fibroblasts by resolving WT and patient cell lysates on a non-denaturing 

native gel.  A reproducible decrease in a reactive band at 170kDa, presumably the dimeric form of 

the enzyme, was detected in the patient fibroblasts, suggesting that the p.Thr331Pro variant may 
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alter its ability to incorporate into P5CS oligomers (Figure 3.2D).  Quantification of the ratio of 

P5CS dimer/monomer, with the latter abundance determined following parallel resolution on a 

denaturing SDS-PAGE gel, showed a significant 40% reduction in this ratio in patient cells, 

supporting reduced formation of oligomers as the primary mechanism for impaired P5CS function.  

  
Figure 3.2 Functional analysis of the p.Thr331Pro variant in HEK293 cells and patient fibroblasts 
demonstrate normal steady-state levels and mitochondrial localization but impaired incorporation 
of the P5CS monomer into homo-oligomeric structures. (A) Representative Western blot of the 
P5CS enzyme in WT, ALDH18A1-null cells, and ALDH18A1-null cells transfected with either WT 
or p.Thr331Pro ALDH18A1 DNA; (B) Immunostaining of P5CS and TOM20 in the KO HEK293 
cells transfected with WT and p.Thr331Pro ALDH18A1 DNA; overall transfection efficiencies 
ranged from 50-60% across the different runs and were roughly equivalent with WT or 
p.Thr331Pro ALDH18A1 DNA in individual experiments; (C) Representative Western blot of the 
P5CS monomer in WT and patient fibroblasts and quantification of relative abundance from four 
independent experiments; (D) Native gel electrophoresis and Western blot analysis of P5CS in 
WTnd patient fibroblast lysates.  The ratio of P5CS oligomer to monomer was quantified from 
four independent experiments, and average values plotted.  A one-way ANOVA was performed to 
determine statistical significance. P value smaller than 0.05 is considered statistically significant; 
* p < 0.05; ** p < 0.01; *** p < 0.001; ns = not significant.  
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NMR metabolomics reveals broad-based adaptations in amino acid metabolism and antioxidant 

biosynthesis   

We next sought to understand global metabolic alterations that arise from impaired P5CS 

function.  Using both the HEK293 cell system and WT and patient fibroblasts, 1H NMR-based 

metabolomics were performed on cells grown under standard culture conditions.  Features in the 

resulting spectra were annotated and quantified, culminating in 26 quantified and annotated 

metabolites.  We observed broad and significant alterations in the abundance of several different 

metabolites when comparing the WT and ALDH18A1 KO HEK293 cells, highlighting the 

adaptations these cells undergo in order to maintain viability and essential components of P5CS-

related metabolic pathways.  To what extent such differences also arise due to karyotype 

differences in the WT and KO cells, as opposed to the underlying metabolic defect, is not 

known.  Nonetheless, we were able to compare the relative abundance of several key metabolites 

in the ALDH18A1 KO cells expressing either the WT or p.Thr331Pro P5CS enzyme.  These 

findings show that while the profiles of both enzyme expressing cells are more similar to each 

other than the KO, the p.Thr331Pro enzyme restored metabolite levels less effectively in 

comparison to the WT enzyme (Figure 3.3; Supplemental File 3.2).  This is evident for 

metabolites such as proline, glycine, succinate, UDP-GlcNAc, and glutamine. There were several 

examples where the opposite trend was noted, including glutamate and aspartate. In total, there 

were 6 metabolites that showed significant changes in abundance between p.Thr331Pro and WT 

enzyme expressing cells, including proline, glycine, succinate, NAD+, phosphorylcholine, and 

creatine (Figure 3.3).  
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Figure 3.3 Expression of p.Thr331Pro variant enzyme partially restores metabolic profile of 
ALDH18A1 knockout compared to expression of WT enzyme. (A) Average 1H NMR spectra of 
HEK 293 cell extracts.  KO - CRISPR knockout of ALDH18A1, KO + p.Thr331Pro (labeled 
T331P in the figure) - knockout cells exogenously expressing T331P variant of ALDH18A1 
enzyme. KO + WT - knockout cells exogenously expressing wild type ALDH18A1 enzyme; 
overall transfection efficiencies ranged from 50-60% across the different runs and were largely 
equivalent with WT or p.Thr331Pro ALDH18A1 DNA; (B) Principal component analysis scores 
plot of KO, KO+T331P, and KO+WT cells. Integrated spectral features used for analysis; (C) Box 
and whisker plots of metabolites annotated from NMR spectra found significantly different by 
one-way ANOVA (FDR adjusted p-value < 0.05). All comparisons significant between KO and 
KO+T331P, KO and KO+WT unless otherwise noted. † indicates additional significant 
comparison between KO+T331P and KO+WT. * indicates significant comparisons between KO 
and KO+WT, and KO+T331P and KO+WT only.  
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A parallel analysis was undertaken using WT and patient fibroblasts.  Reduction in the 

abundance of both proline and glutathione were observed in the patient cells (Figure 3.4A).  The 

decrease in proline levels was consistent with the analysis in HEK293 cell system but diminished 

glutathione levels has not been previously shown in ALDH18A1 patient cells.  Another striking 

observation was the overall reduction in the level of several amino acids in the patient cells, likely 

indicating the need for these cells to consume other amino acids for cataplerosis and/or conversion 

to glutamate in order to replenish the TCA cycle and glutamate-derived metabolites. Pathway 

enrichment analysis of metabolites significantly altered between WT and p.Thr331Pro enzyme-

expressing cells in both the HEK293 system and primary fibroblasts showed consistency in the 

pathways being impacted. These include arginine and proline metabolism, glycine and serine 

metabolism, and glutamate metabolism (Figure 3.4B).  Metabolite changes that were consistent 

between the two cell systems suggest that these trends stem directly from impaired P5CS 

function.  For metabolites where the changes varied between the two cell systems, we believe the 

patient fibroblasts may more accurately reflect the biochemistry of the underlying disease, as these 

are untransfected primary cells with residual P5CS function that have not undergone clonal 

proliferation or selection.   
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Figure 3.4 Patient fibroblasts show unique metabolite changes but consistent alterations of proline 
and glutamyl metabolism. (A) Table of fold change and p-values for all annotated metabolites 
common to both HEK 293 and primary fibroblast cell extracts. Red indicates relative increase in 
T331P variant enzyme expressing cells, blue a decrease. Bold metabolite names indicate those 
with consistent trend between cell systems. Green values indicate significant change (p-value < 
0.05 by two-tailed T-test) for that comparison. These significant metabolites were used (but not 
exclusively) as input for metabolite set over representation analysis in (B); (B) Metabolite Set 
Enrichment Analysis results of significant metabolites for each cell system. Top 5 significant 
metabolite sets from SMPDB shown for each cell system, along with FDR p-values. List of all 
annotated metabolites with raw p-value < 0.05 between p.Thr331Pro and WT enzyme expressing 
cells was used for over representation analysis in each cell system. 
 
 
Analysis of polyamine levels demonstrates a reduction in putrescine in patient fibroblasts   

The apparent increased utilization of glutathione in the patient cells suggests a possible 

response to oxidative stress caused by mitochondrial dysfunction or metabolic toxicity.  To look 

at other antioxidant molecules derived from glutamate metabolism, polyamines including 

putrescine, spermidine and spermine were analyzed in WT and patient fibroblasts (Figure 
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3.5).  None of these molecules were detected or identified in the NMR-based metabolomics but 

can be quantified using high-performance liquid chromatography 19.  De novo production of 

these polyamines is derived almost exclusively from ornithine in cells.  These results showed a 

robust reduction in putrescine levels (and total polyamine levels), with spermidine and spermine 

not significantly impacted.  It is possible the patient fibroblasts prioritize the synthesis of 

spermidine and spermine as part of a broader antioxidant response, leading to overutilization of 

their precursor putrescine.   

 

Figure 3.5 Reduced levels of the polyamine putrescine in patient fibroblasts.  The abundance 
of putrescine, spermidine and spermine in the two WT and patient fibroblast lines was determined 
using mass spectrometry in three independent experiments. A one-way ANOVA was performed 
to determine statistical significance; * p < 0.05; ** p < 0.01; *** p < 0.001; ns = not significant.  
 
 

Altered transcript abundance of several ECM and metabolic genes in ALDH18A1 patient 

fibroblasts 

 RNA sequencing was performed on WT and patient fibroblasts to examine alterations in 

gene expression in response to impaired P5CS activity.  The volcano plot in Figure 3.6A shows 

upregulation of 2391 genes and downregulation of 456 genes in the patient fibroblasts (full dataset 

is shown in Supplemental File 3.3).  Among the dysregulated genes in the patient fibroblasts, 
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several genes involved in glutathione metabolism, including GPX1, GSTT2B and GSS, were 

noted.  Transcript abundance of the glutamate transporter SLC7A11 was decreased by 1.7-log fold 

in the patient cells.  If this reduction corresponds to lower amounts of the SLC7A11 transporter, 

these cells may have a limited capacity to resupply glutamate for the necessary metabolic reactions, 

including proline and glutathione biosynthesis. In addition to differential expression of several 

ECM-related genes, numerous genes involved in cell signaling were also altered in patient 

cells.  This is highlighted by the Reactome and Panther pathway analysis which shows 

overrepresentation of several genes in the MAPK, SEMA3 and RUNX2 pathways, as well as genes 

involved in cholesterol metabolism (Figure 3.6B and Supplemental File 3.3).  Among the most 

significantly altered transcripts in the patient cells were the metalloproteinase MMP3 (up 4.9-log 

fold) and the matrix protein, COMP (cartilage oligomeric matrix protein; down 6.6-log fold) 

(Figure 3.6C).  Elevation in the transcript and protein abundance of several MMPs has been 

observed in cutis laxa patient fibroblasts 20,21.  Western blot analysis was performed on WT and 

patient fibroblast lysates revealing that levels for both proteins correspond to their relative 

transcript abundance (Figure 3.6D and E).  The reduction in COMP levels in the patient cells is 

accompanied by altered transcript abundance of other ECM genes, as well as several ECM-related 

growth factors (TGFB3R) and enzyme inhibitors (TIMP3) (Figure 3.6B).  Together, these 

findings point to altered transcript abundance in response to impaired P5CS function, and 

alterations in ECM-associated proteins that appear to be consistent across human disorders with 

cutis laxa. 
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Figure 3.6 RNA sequencing of WT and patient fibroblasts reveals altered transcript abundance of 
multiple genes.  (A) Volcano plot of the differentially expressed genes (2391 upregulated and 456 
downregulated compared to WT control fibroblasts); data represents analysis of three independent 
biological replicates for each cell line;  (B) Overrepresented genes/pathways from the Reactome 
and Panther GO analyses; (C) Table of the most significant transcript abundance changes in patient 
cells compared to WT controls; (D) Western blot analysis of COMP protein and quantification of 
relative levels (n=4; statistical significance determined using a Student t-test, **** P < 0.0001); 
(E) Western blot analysis of MMP3 protein and quantification of relative levels (n=4; statistical 
significance determined using a Student t-test, **** P < 0.0001).  GAPDH is shown as a loading 
control. 
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Discussion  

We describe a previously unreported homozygous missense variant in the ALDH18A1 gene 

that is present in four affected patients from two unrelated families.  The amino acid change resides 

in the glutamate-5-kinase domain of the P5CS enzyme, in a region where few other variants have 

been identified. The clinical phenotype of these patients appears to be intermediate between 

ARCL3 and SPG9B with regard to severity and specificity.  They share many neurological features 

associated with SPG9B, including hypotonia, but also had loose skin characteristic of 

ARCL3A.  Interestingly, P1 has hypertonia and spasticity consistent with SPG9B but the other 

patients do not.  P1 also did not have any evidence of loose skin whereas all three of the affected 

patients in Family 2 have this cutaneous phenotype.  The intermediate nature of the clinical 

manifestations highlights the complexity of ALDH18A1-related disease, and the competition 

between different metabolic pathways for common substrates. The current functional evidence 

strongly supports pathogenicity of the p.Thr331Pro variant, despite no reduction in the steady-state 

level of the monomeric P5CS enzyme nor impaired mitochondrial localization.  A defect in homo-

oligomer formation was observed using native gel electrophoresis, suggesting the p.Thr331Pro 

variant may affect complex formation like other reported variants 16,18. The pathogenicity of this 

variant and evidence for impaired P5CS function is most clearly supported by the metabolomics 

data showing reduction in products downstream of P5CS including proline and the ornithine-

derived polyamine, putrescine.  The new insights into the pathogenic mechanisms and the global 

alterations in metabolism associated with ALDH18A1-related disorders are summarized in Figure 

3.7 and discussed below. 
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Figure 3.7 Summary of metabolic and transcriptomic findings in the context of P5CS-mediated 
metabolism.  Metabolomic findings point to the possible involvement of glutathione and 
polyamines in the context of ALDH18A1-related disorders. As both are relevant to antioxidant 
responses, their reduction (e.g. total polyamines) and /or overutilization (e.g. glutathione) may 
indicate the presence of oxidative stress.  The reduced levels of several amino acids, and increased 
transcript abundance of TCA cycle genes, in the patient cells may indicate the need to replenish 
glutamate pools depleted by the increased metabolic demand for this amino acid.  In addition to 
the lower levels of proline (which can directly impact the production of ECM proteins), altered 
transcript and protein abundance of the matrix metalloproteinase, MMP3, and the matrix 
component, COMP, were noted in patient fibroblasts, highlighting broader alterations in ECM 
homeostasis associated with impaired P5CS function.  Lastly, the increase in arginine levels 
indicates that this amino acid may not be efficiently converted to ornithine by arginase, thus 
exacerbating the reduction in ornithine-derived polyamines.  
 

 

The NMR-based metabolomics in two different cell systems uncovered the involvement of 

several pathways and metabolites that had not be appreciated in other studies.  Most striking, and 

consistent between the two cell systems, was the reduction in glutathione levels in cells with 

impaired P5CS function.  Glutathione is synthesized in a multistep pathway beginning with the 
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conversion of glutamate to g-glutamyl-cysteine by the enzyme, glutamate-cysteine ligase.  The 

reduction in glutathione levels may be interpreted as an overutilization of this pathway, further 

stressed by the need for glutamate in the biosynthesis of both ornithine and proline.  Levels of 

several amino acids were significantly reduced in the patient fibroblasts, possibly reflecting their 

conversion to glutamate in response to increased need for this key substrate.  It will be of interest 

to explore whether the depletion of these amino acids might trigger other consequences such as 

mTOR inhibition or an imbalance in proteostasis.  We are currently exploring whether the 

depletion of these amino acids, such as the nutrient sensor leucine, may result in the upregulation 

of autophagic pathways 22-24.  The inhibition of mTOR-related pathways and increased autophagy 

is intriguing as it could also increase mitophagy and the degradation of mitochondria or other 

organelles 25,26.  Reduction in the level of other amino acids such as arginine could indirectly 

impact the urea cycle leading to additional insults to sensitive tissues such as neurons.  The 

upregulation of MMP3 and other matrix-degrading enzymes may be part of the same response to 

amino acid deprivation and increased need for glutamate to support key metabolic processes.  

In the HEK293 expression system, significant changes in metabolites such as lactate, 

succinate, NAD+, and creatine suggest broad differences in the energy and/or redox status of the 

cells based on which enzyme is expressed. Similarly, transcriptome analysis of patient fibroblasts 

shows an enrichment of TCA cycle genes that are upregulated, and significant downregulation of 

several biosynthetic off-ramp transcripts such as PCK and GOT1. These observations imply that 

the metabolic adaptations required to compensate for P5CS dysfunction are energy intensive, and 

require increased TCA cycle activity to maintain energy requirements within the cell. 

Alternatively, increased expression of TCA cycle genes could be generating intermediates and 

cofactors to be used for glutamate/glutathione biosynthesis, such as 2-oxoglutarate and NADPH. 
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In addition, phospholipid precursors myo-inositol and phosphorylcholine were observed to be 

significantly altered in patient cells and HEK cells, respectively. These, in addition to the 

enrichment of differentially expressed genes in several lipid pathways, suggest broad changes in 

lipid metabolism. These again could be indicative of metabolic adaptations to balance the energy 

needs of the cell, or reflective of altered membrane lipid composition.  We believe some caution 

is warranted in the interpretation of trends from the metabolomics results from the HEK293 cells 

in light of the large differences in some metabolites in the WT vs. KO cells.   

The reduction and/or overutilization of glutathione may indicate the presence of oxidative 

stress.  Preliminary experiments performed to identify oxidative stress in the patient cells were 

inconclusive, although it is possible that the antioxidant responses, including the production of 

glutathione, is sufficient to prevent detectable oxidative stress in fibroblasts.  Whether such 

antioxidant responses are inadequate in other cell types such as neurons remains to be 

determined.  We speculate that the increased need for glutamate in the brain as a precursor for 

neurotransmitters such as GABA may put further stress on P5CS-related metabolism, creating 

mitochondrial stress and production of reactive oxygen species that impact survival and function 

of neurons and other sensitive cell types.  Aside from the requirement for proline in the 

biosynthesis of many ECM proteins, this amino acid is also an antioxidant 4.  Thus, under 

conditions where oxidative stress is abundant, competition for proline may create an imbalance 

that can contribute to pathogenesis.  

Polyamines are critical cellular components required for a multitude of functions, including 

the regulation of receptor ion channels in the CNS 27,28. As such, their concentrations are strictly 

controlled to maintain homeostasis 29. The altered polyamine levels detected in the ALDH18A1-

variant patient fibroblasts may therefore implicate a role for polyamines in the patient phenotype. 
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The recent identification of a growing number of patients with gene variants affecting polyamine 

metabolic enzymes has created a family of polyamine-related disorders. Although yet to be fully 

characterized, these rare, neurodevelopmental syndromes, including Snyder-Robinson syndrome 

30,31 and Bachmann-Bupp syndrome 32, share certain components of the clinical phenotype, 

including developmental delay and hypotonia 33,34. As each of these syndromes, including the 

ALDH18A1 variant, causes a different perturbance in the individual polyamine pools, it will be 

important to decipher the contributions of each to the associated phenotypes. Additionally, the 

combined total amount of polyamines may be important, particularly regarding antioxidant 

capacity, as polyamines can protect against oxidative damage 35. To our knowledge, this is the first 

report of a genetic variant causing an overall reduction in polyamine concentration.  

The transcriptome analysis of patient fibroblasts revealed altered abundance of numerous 

ECM-related transcripts.  Of note, transcript abundance of the cartilage oligomeric matrix protein 

(COMP) was reduced nearly 7-log fold in the patient cells, while the matrix-degrading enzyme, 

MMP-3, had a 6-log fold elevation in transcript abundance.  Analysis of enriched pathways among 

the differentially expressed genes also uncovered several metabolic pathways, including 

cholesterol metabolism, that had not been previously noted in the context of ALDH18A1-related 

disease.  We confirmed that altered transcript abundance of both COMP and MMP3 correlate to 

the same changes in protein level by Western blot.  It is possible that impaired P5CS function and 

de novo proline biosynthesis cause a shift in the types of ECM proteins made by the patient 

fibroblasts.  Collectively, the combination of transcriptomics and metabolomics in patient cells has 

uncovered multiple new pathways and processes that are sensitive to impaired P5CS, setting the 

stage for a deeper investigation of how these altered pathways relate to the tissue pathogenesis and 

phenotypic specificity in patients with ALDH18A1 variants.  
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Materials and Methods  

Exome sequencing 

DNA libraries were prepared from genomic DNA isolated from the proband fibroblasts, 

using the Agilent SureSelectXT Clinical Research Exome v2 capture kit (Agilent Technologies, 

Santa Clara, CA). Briefly, DNA was fragmented using the Covaris ME220 system (Covaris, 

Woburn, MA), and fragments of 150-200 bp were selected using AMPure XP beads (Beckman 

Coulter, Brea, CA). Fragments were subsequently end-repaired, adenylated at the 3’ end, ligated 

to sequencing adaptors, and then PCR-amplified using the SureSelectXT Library Preparation kit 

(Agilent Technologies) with DNA being purified using AMPure XP beads after each of these steps. 

750 ng of each DNA library was used for hybrdization and capture with the SureSelectXT Clinical 

Research Exome v2 probes (Agilent Technologies). Captured fragments were amplified by PCR 

and purified. The quality of the enriched libraries was evaluated using a D1000 Tape on the 

TapeStation 4200 (Agilent Technologies). Libraries were quantified on a Victor Nivo Fluorometer 

(PerkinElmer, Waltham, MA) using a Quant-IT Broad Range kit (Life Technologies, Carlsbad, 

CA), and separate libraries were pooled and sequenced using an Illumina NovaSeq 

6000TM Sequencing System at 157x coverage (Illumina Inc., San Diego, CA) per the 

manufacturer's protocol.  

The Agilent SureSelectXT Clinical Research Exome V2 kit was used to target known 

disease-associated exonic regions of the genome (coding sequences and splice junctions of known 

protein-coding genes associated with disease, as well as an exomic backbone) using genomic DNA 

isolated from peripheral blood samples. The targeted regions were sequenced using the Illumina 

NovaSeqTM 6000 System with 150 bp paired-end reads. Using Illumina DRAGEN Bio-IT 

Platform® software, the DNA sequence was aligned and compared to the human genome build 19 
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(hg19/NCBI build 37). The emedgene® software was used to filter and analyze sequence variants 

identified in the patient and compare them to the sequences of affected and unaffected family 

members. Sanger sequencing was subsequently performed to confirm the variant of interest.  

Antibodies  

The rabbit anti-P5CS polyclonal antibody was purchased from Novus Biologicals (cat# 

NBP1-83324; Centennial, CO, USA), the mouse anti-TOM20 monoclonal antibody was obtained 

from Santa Cruz (cat# sc-17764; Dallas, TX, USA) the goat anti-COMP polyclonal antibody was 

from R&Systems (cat# AF3134; Minneapolis, MN, USA), the mouse anti-MMP3 monoclonal 

antibody was obtained from R&D Systems (cat# MAB513; Minneapolis, MN, USA), and the 

HRP-conjugated, rabbit anti-GAPDH monoclonal antibody was purchased from Cell Signaling 

Technology (cat# 3683; Danvers, MA, USA).  

Generation of ALDH18A1-KO HEK293T cells and cell culture  

ALDH18A1-knockout HEK293 cells were generated by CRISPR-Cas9 editing using a 

parental HEK293T cell line (Canopy Biosciences, Saint Louis, MO).  The clonal knockout line 

was sequenced and shown to bear a 1bp insertion in the first allele and a 1bp deletion in the second 

allele.  Both the parental and KO HEK293 cell lines were shown to have abnormal numbers of 

certain chromosomes, and a translocation of chromosomes 4 and 10, following conventional 

karyotyping.  

Allele 1: 1bp deletion of exon 2  

CGCAGCATGTTGAGTCAAGTTTACCGCTG -

GGGTTCCAGCCCTTCAACCAACATCTTCTG  

CGCAGCATGTTGAGTCAAGTTTACCGCTGTGGGTTCCAGCCCTTCAACCAACATCTT

CTG  
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Allele 2: 1bp insertion of exon 2  

CGCAGCATGTTGAGTCAAGTTTACCGCTGGTGGGTTCCAGCCCTTCAACCAACATCT

TCT  

CGCAGCATGTTGAGTCAAGTTTACCGCTG - 

TGGGTTCCAGCCCTTCAACCAACATCTTCT  

Patient fibroblasts were obtained from P2 following consent.  All cell lines were 

maintained in DMEM with 10% fetal bovine serum and penicillin/streptomycin in a humidified 

incubator with 5% CO2.  Monolayers were subcultured every 2-3 days using trypsin/EDTA.  

Transfection, Gel Electrophoresis and Western blotting 

 Transfections in the HEK293 cell system were performed using Lipofectamine 

Plus.  Transfection efficiency was determined for each experiment by immunostaining for the 

P5CS enzyme and calculating the percentage of cells with detectable P5CS enzyme.  For 

denaturing Western blot analysis, 20 µg of the cell lysates prepared in RIPA buffer were separated 

on a 10% SDS-PAGE gel. For the native gel analysis, cell lysates were prepared using buffer 

containing 1% NP-40, passed five times through a 21-gauge needle syringe and separated on a 6% 

PAGE gel using running buffer without SDS.  Resolved protein was transferred to 0.45µm pore 

nitrocellulose at 110 volts for 2 h at 4°C. The membrane was rinsed and blocked membranes were 

blocked with 5% milk/TBST for 1 hour at room temperature. Blots were incubated overnight with 

antibodies 1:1000 at 4°C, washed and then incubated with HRP conjugated anti-rabbit (1:2000) 

for 1 hour before washing and developing with SuperSignal West Pico PLUS ECL reagent 

(ThermoFisher #34577). All images were captured on the Bio-Rad ChemiDoc MP Imaging System 

(Bio-Rad #12003154). Analysis was done with Image Lab Software (Bio-Rad #1709690, 
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ver5.2.1).  For the native gel, NativeMark unstained protein standards (Fisher; cat# LC0725) were 

used.  

NMR-based metabolomics studies  

Each plate of adherent HEK293 cells was washed with PBS, scraped, and pellets flash-

frozen in liquid nitrogen. After transport on dry-ice and just prior to extraction, ice-cold 80% 

methanol/water extraction solvent was added to pellets. Primary fibroblast culture plates were 

flash-frozen and transported on dry ice. Due to lower cell density, fibroblasts were scraped from 

three 10 cm culture plates in ice-cold extraction solvent and combined to create each experimental 

replicate prior to extraction.  Aqueous metabolites were extracted by vortexing/lysing cell pellets 

in the extraction solvent, pelleting cell debris by centrifugation, and collecting the supernatant. 

10% of the supernatant was taken from each sample to form an internal pooled sample. The solvent 

was then evaporated to produce dried extracts using a CentriVap Benchtop Vacuum Concentrator 

(Labconco, Kansas City, MO, USA). Extracts were reconstituted in a deuterium oxide phosphate 

buffer (pH 7.4) and kept at 4°C before data acquisition.  

1H NMR spectra were acquired on all samples using noesypr1d pulse sequence on a 600 

MHz Bruker Avance III HD spectrometer using a 5mm TCI cryoprobe. Additional 1H-13C 

heteronuclear single quantum correlation (1H-13C HSQC) and 1H-1H total correlation 

spectroscopy (1H-1H TOCSY) spectra were acquired on the internal pooled sample and used for 

metabolite annotation with COLMARm 36. One dimensional 1H NMR spectra were referenced, 

solvent/water regions removed, and normalized with PQN algorithm 37 using an in-house 

MATLAB toolbox (github.com/artedison/Edison_Lab_Shared_Metabolomics_UGA). Relative 

quantification of all spectral features was performed using a semi-automatic workflow within the 

toolbox. 
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 Statistical analysis of these features including PCA, fold change calculations, and 

ANOVA was performed using Metaboanalyst 38. One-way ANOVA was performed using these 

features to identify significant features, using Tukey post-hoc test to determine significant 

comparisons. Non-overlapped features were chosen to represent relative abundance of annotated 

metabolites, and assigned a confidence score as previously described 39. Pathway enrichment 

analysis was also performed in Metaboanalyst using hypergeometric test for overrepresentation, 

mapping to pathways described in SMPD 40. For pairwise comparisons of p.Thr331Pro vs WT 

HEK293 and WT vs P2 primary fibroblast cells, a Student’s T-test was performed. Metabolites 

with a raw p-value < 0.05 were included in the list of compounds for pathway enrichment. For 

integrated transcriptome and metabolome pathway analysis of primary fibroblast cells, fold 

changes for all annotated metabolites and transcripts between WT and P2 cells, along with lists of 

metabolites and transcripts with p-value < 0.05 were submitted to Paintomics 3.0 to establish 

pathway enrichment using Fisher exact test 41.  

Polyamine measurements  

Intracellular polyamine concentrations were measure by the reverse-phase HPLC methods 

of Kabra et al. using 1,7-diaminoheptane as an internal standard 19.  

RNA sequencing 

To prepare libraries for RNA sequencing, triplicate fibroblast cultures at 80-90% 

confluence in 10 cm culture dishes were collected directly in 1.5 mL Trizol. Total RNA was 

extracted using the Direct-Zol miniprep kit RNA extraction kit with a DNA digestion step 

according to the manufacturer’s instructions (Zymo Research, Irvine, CA). RNA was eluted with 

30 μL water. We depleted ribosomal RNA using the Universal Plus 

Total RNA Seq kit with Human AnyDeplete (Tecan, Männedorf, Switzerland) and prepared bar-
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coded cDNA libraries for sequencing on an SP flow cell on the NovaSeq 6000 platform (Illumina, 

San Diego, CA) similar to previously described work 42,43.  We performed the initial steps of raw 

read processing and normalization as previously described except that we used the human 

reference genome (GRCh38) for alignment 42,43. We used the edgeR package for differential 

expression analysis and performed Gene Ontology analysis by statistical overrepresentation tests 

using PantherDB 44-46. The code for all the analyses is available on Github and the data is deposited 

in GEO (https://github.com/snehamokashi/ADH_RNAseq and GEO accession number: 

GSE202424).  
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NMR METABOLOMICS FOR IMPROVEMENT OF CELL THERAPY MANUFACTURING 
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Abstract 

Large-scale, reproducible manufacturing of therapeutic cells with consistently high quality 

is vital for translation to clinically effective and widely accessible cell therapies. However, the 

biological and logistical complexity of manufacturing a living product, including challenges 

associated with their inherent variability and uncertainties of process parameters, currently make 

it difficult to achieve predictable cell-product quality. Using a degradable microscaffold-based T-

cell process, we developed an artificial intelligence (AI)-driven experimental-computational 

platform to identify a set of critical process parameters and critical quality attributes from 

heterogeneous, high-dimensional, time-dependent multiomics data, measurable during early 

stages of manufacturing and predictive of end-of-manufacturing product quality. Sequential, 

design-of-experiment-based studies, coupled with an agnostic machine-learning framework, were 

used to extract feature combinations from early in-culture media assessment that were highly 

predictive of the end-product CD4/CD8 ratio and total live CD4+ and CD8+ naïve and central 

memory T cells (CD63L+CCR7+). Our results demonstrate a broadly applicable platform tool to 

predict end-product quality and composition from early time point in-process measurements 

during therapeutic cell manufacturing. 
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Introduction 

T-cell-based immunotherapies have received great interest from clinicians and industry due 

to their potential to treat, and often functionally cure some hematological cancers and their 

potential applicability in many other diseases.1, 2 Since 2017, four genetically modified autologous 

Chimeric Antigen Receptor (CAR) T-cell therapies (Yescarta™, Kymriah™, Tecartus™, 

and Breyanzi®) have received approval from the U.S. Food and Drug Administration to treat 

certain B-cell malignancies. Despite these successes, T-cell-based immunotherapies are 

constrained by time-intensive, high cost, complex manufacturing processes that are time-intensive, 

expensive, and difficult to scale3, 4 and lack methods and tools to predict the end-product quality 

during manufacturing. Quality assessment is performed only at the end of manufacturing which 

takes many days. Identification of early putative critical quality attributes (CQAs) and the 

associated critical process parameters (CPPs) that can be measured nondestructively during culture 

and can predict end-product attributes early in the manufacturing timeline could be transformative 

for the cell therapy field. 

Translating laboratory-scale T-cell expansion experiments into a large-scale manufacturing 

process is hindered by the incomplete understanding of cell properties and how they are affected 

by process variables, lack of detailed characterization, and high variability of materials during 

manufacturing.5 These challenges of manufacturing a “living product” are further magnified since 

current chemistry, manufacturing, and control, analytics, regulations, and product specifications 

are designed for conventional chemical and biopharmaceutical manufacturing systems.6 This 

underscores the need to develop innovative tools, methods, and standards to ensure appropriate 

quality controls, and new strategies involving quality by design and good manufacturing practices 

for cell-based therapies.7-9 The intricate manufacturing process for T cells and other cell therapies 
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must be deeply assessed and appropriately controlled to ensure scalability, predictability, and a 

high-quality manufacturing process at the most reasonable cost. A key step for reaching this goal 

is to identify putative CQAs and CPPs early in the manufacturing process that can predict the 

quality of the manufactured cell-therapy product. We hypothesized that rigorous characterization 

of process parameters along with longitudinal measurements of cell-secreted cytokine, chemokine, 

and metabolites from the culture media early during manufacturing will allow us to develop an 

artificial intelligence (AI)-based mathematical-computational framework for the identification of 

multivariate parameters that are predictive of the end-of-manufacturing product phenotypes. 

Characterization studies of approved autologous anti-CD19 CAR-T cell therapies have recently 

revealed initial sets of candidate quality attributes, that is, percent transduction, vector copy 

number, and interferon-γ production for axicabtagene ciloleucel (Yescarta™),10 while CAR 

expression and release of interferon-γ are a few of those identified for tisagenlecleucel 

(Kymriah™).11 Many of these attributes are calculated as endpoint responses and thus a deeper 

understanding of the cell growth process impacted by starting conditions and performance during 

their manufacturing is essential. Hence, CQAs that enable early monitoring through real-time 

process measurements such as multiomics cell characterization can overcome current challenges 

in assessing product consistency. Yet, the computational complexity of dealing with the 

heterogeneity and multivariate nature of multiomics measurements to characterize T-cell quality, 

that is, high-definition phenotyping of naïve and memory subsets, remains a challenge. 

Generally, T cells with a lower differentiation state such as naïve and stem cell or central memory 

cells have been shown to provide superior anti-tumor potency, presumably due to their higher 

potential to replicate, migrate, and engraft, leading to a long-term, durable response.12-15 Likewise, 

CD4 T cells are similarly important to anti-tumor potency due to their cytokine release properties 
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and ability to resist exhaustion.16, 17 Our group has developed a novel degradable microscaffold 

(DMS)-based method using porous microcarriers functionalized with anti-CD3 and anti-CD28 

mAbs for use in T-cell expansion cultures. We showed that compared to commercially available 

microbeads (Miltenyi), DMSs generated a higher number of migratory naïve (TN) and central 

memory (TCM) (CCR7+CD62L+) T cells and CD4+ T cells across multiple donors.18 We used this 

manufacturing process as an exemplar to develop an experimental-computational AI-based tool to 

predict product quality from early process measurements. This two-phase approach consists of (1) 

the optimization of process parameters through experimental designs, and (2) the extraction of 

early predictive signatures of T-cell quality by multiomics integration using regression models. 

This agnostic computational approach provides a platform to discover early predictive CQAs and 

CPPs to ensure consistent product quality that can be widely applicable for other cellular therapies. 

Results 

Overall multiomics study design 

T cells were expanded ex vivo for 14 days and 100 μl of supernatant media samples were 

collected at days 4, 6, 8, 11, and 14 to measure cytokine profiles and perform nuclear magnetic 

resonance (NMR) analysis. Endpoint responses on DMS-based T-cell extracts were measured for 

different combinations of DMS parameters: IL2 concentration, DMS concentration, and 

functionalized antibody percent. Two experimental regions were determined using a design-of-

experiments (DOE) methodology to maximize the yields of CD62L+CCR7+ cells (i.e., naïve and 

central memory T cells, TN + TCM) as a function of these process parameters. The first DOE 

resulted in a randomized 18-run I-optimal custom design where each DMS parameter was 

evaluated at three levels. To further optimize this DOE in terms of total live CD4+ TN + TCM cells, 

a sequential adaptive design-of-experiment (ADOE) was designed with 12 additional samples 
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(Figure 4.1b). All 30 runs from both experiments (DOE, ADOE) were molecularly characterized 

to model total live TN + TCM (a) CD4+, (b) CD8+, and (c) their ratio (Supporting Figure 4.S1). The 

extraction of early predictive CPPs and CQAs for the expansion of TN + TCM cells during ex vivo 

culture was performed in two phases: (1) optimization of process parameters and (2) integration 

of multiomics for predictive modeling (Figure 4.1). 

 
Figure 4.1 Two-phase approach to extract early predictive critical process parameters (CPPs) and 
critical quality attributes (CQAs) for CD4+/CD8+ TN + TCM cells. (a) Design-of-experiment (DOE) 
modeling and optimization of process parameters. (b) Experimental region studied and optimized 
for total live CD4+ TN + TCM cells. (c) Total live CD4+ TN + TCM cells across the overall study 
design (two experiments varying process parameters). (d) Integrative multiomics approach 
through (e) a machine learning consensus analysis to identify early predictive CPPs and CQAs 
putative candidates for both total live CD4+ and CD8+ TN + TCM cells 
 
 
Optimization of TN + TCM cells as a function of process parameters 

Using symbolic regression (Data Modeler software from Evolved Analytics LLC), we 

examined the interactive effects of the DMS parameters on yield to simultaneously predict and 

optimize both CD4+ and CD8+ TN + TCM. A model ensemble predicted 4.2 

× 106 CD4+ TN + TCM cells at an optimum setting of 30 U/μl IL2, 2500 carriers/μl, and 100% 

functionalized mAbs (Supporting Figure S2). This result was consistent with the observed 
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maximum value of 4.0 × 106, highlighting that CD4+ TN + TCM yield was maximized at high levels 

of DMS parameters (Figure 4.1b). In contrast, the predicted optimum yield for 

CD8+ TN + TCM was 1.9 × 107 cells at a setting of 30 U/μl IL2, 600 carriers/μl, and 100% 

functionalized mAbs (data not shown). Although this combination was not experimentally tested, 

the closest measured record (30 U/μl IL2, 500 carriers/μl, 100% functionalized mAbs) achieved 

the predicted maximum yield. Hence, the CD8+ TN + TCM yield was maximized at high IL2 

concentration and functionalized mAbs percentage but low DMS concentration. 

The DOE analysis highlighted the potential for further optimization of total live 

CD4+ TN + TCM cells, as well as the potential to optimize the CD4+ to CD8+ TN + TCM cells ratio, 

at DMS levels greater than those originally evaluated (DOE). Therefore, to test and validate, a 

second adaptive design of experiment (ADOE) was designed to maximize the total live 

CD4+ TN + TCM cells. We expanded the parameter range, assessing IL2 concentration >30 U/μl 

and DMS concentration >2500 carriers/μl (Figure 1b). CD4+ TN + TCM and its ratio to CD8+ TN+ 

TCM, 4.7 × 106 cell and 0.49 respectively, were maximized when IL2 concentration (40 U/μl) and 

DMS concentration (3500 carriers/μl) were maximized (Figure 4.1b; Supporting Table 4.S1; 

Figure S2). Utilizing the ADOE data set, new response ensembles were generated enabling more 

robust prediction over the expanded parameter space (↑IL2 and ↑DMS concentrations). 

Multiomic integrative analysis for early monitoring of T-cell manufacturing 

Due to the heterogeneity of the multivariate data collected and knowing that no single 

model structure is perfect for all applications, we implemented an agnostic modeling approach to 

better understand these TN + TCM responses. To achieve this, a consensus analysis using seven 

machine learning (ML) techniques, random forest (RF), gradient boosted machine (GBM), 

conditional inference forest (CIF), least absolute shrinkage and selection operator (LASSO), 
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partial least-squares regression (PLSR), support vector machine (SVM), and data modeler's 

symbolic regression (SR), was implemented to molecularly characterize TN + TCM cells and to 

extract predictive features of quality early on their expansion process (Figure 4.1d,e). 

SR models achieved the highest predictive performance (R2 > 93%) when using multiomics 

predictors for all endpoint responses (Table 4.1). SR achieved R2 > 98%, while GBM tree-based 

ensembles showed leave-one-out cross-validated R2 (LOO-R2) >95% for CD4+ and 

CD4+/CD8+ TN + TCM responses. Similarly, LASSO, PLSR, and SVM methods showed consistent 

high LOO-R2, 92.9%, 99.7%, and 90.5%, respectively, to predict the CD4+/CD8+ TN + TCM. Yet, 

about 10% reduction in LOO-R2, 72.5%–81.7%, was observed for CD4+ TN + TCM with these three 

methods. Lastly, SR and PLSR achieved R2 > 90% while other ML methods exhibited exceedingly 

variable LOO-R2 (0.3%, RF-51.5%, LASSO) for CD8+ TN + TCM cells. The top-performing 

technique, SR, showed that the median aggregated predictions for total live CD4+ and 

CD8+ TN + TCM cells increases when IL2 concentration, IL15, and IL2R increase, while IL17a 

decreases in conjunction with other interactive features. These patterns combined with low values 

of DMS concentration and GM_CSF uniquely characterized maximum CD8+ TN + TCM. 

Meanwhile, higher glycine but lower IL13 in combination with others showed maximum 

CD4+ TN + TCM predictions (Figure 4.2a). 

 

Table 4.1 LOO-R2 prediction performance results for all machine learning (ML) models when 
evaluating process parameters, and features from cytokine and nuclear magnetic resonance (NMR) 
media analysis at day 6 or day 4 Notes: ML models' prediction performance is measured as the 
leave-one-out cross-validated R2 (LOO-R2) while SR prediction performance is measured as R2 of 
the ensemble prediction where the ensemble is composed of diverse models with complexity 
constrained. Predictors evaluated: (PP) Process parameters, (N) NMR, (S) Cytokines measured at 
day 4 or 6. Maximum R2 within each ML method are shown in bold. 
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LOO-R2 ML 

Response/predictors SR RF GBM CIF LASSO PLSR SVM 

Ratio of CD4 to CD8 TN + TCM cells 

PP + N4 99% 86.8% 96.3% 84.5% 88.6% 92.5% 88.5% 

PP + N6 99% 73.6% 95.9% 70.1% 81.0% 95.8% 79.7% 

PP + S6 99% 87.1% 99.9% 83.4% 87.2% 97.9% 86.8% 

PP + S6 + N6 99% 85.5% 95.3% 83.4% 92.9% 99.7% 90.5% 

Total live CD4+ TN + TCM cells 

PP + N4 97% 67.0% 93.6% 69.3% 34.3% 90.1% 75.5% 

PP + N6 96% 45.9% 92.6% 51.2% 42.8% 92.1% 79.4% 

PP + S6 98% 71.4% 99.9% 75.0% 74.9% 80.0% 75.5% 

PP + S6 + N6 98% 68.2% 95.6% 74.4% 72.5% 81.7% 77.0% 

Total live CD8+ TN + TCM cells 

PP + N4 93% 4.7% 44.4% 9.2% 1.2% 65.1% 9.1% 

PP + N6 86% 2.0% 29.9% 15.8% 28.5% 63.3% 30.6% 

PP + S6 93% 7.8% 28.0% 15.1% 76.2% 98.4% 49.8% 

PP + S6 + N6 93% 0.3% 32.7% 9.8% 51.5% 96.4% 37.8% 
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Figure 4.2 Multiomics culturing media prediction profiles of highly predictive features for early 
monitoring of T-cell manufacturing. (a) Prediction model profiles from day 6 cultured media 
monitoring where total live CD4+ TN + TCM is maximized. (b) Machine learning (ML) models 
consensus for ratio CD4+ to CD8+ TN + TCM cells, and (c) ML models consensus for total live 
CD4+ TN + TCM cells. Feature names are shown for consensus with 5 or more ML models at the 
highest-ranking standing (see the Materials and Methods section) 
 
 

Selecting CPPs and CQAs candidates consistently for T-cell memory across different 

models is desired. Here, TNFα was found in consensus across all seven ML methods for predicting 

CD4+/CD8+ TN + TCM when considering features with the highest importance scores across 

models (Figure 4.2b; Materials and Methods section). Other features, IL2R, IL4, IL17a, and DMS 
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concentration, were commonly selected in ≥5 ML methods (Figure 4.2b,c). Moreover, IL13 and 

IL15 were found predictive in combination with these using SR (Table 4.S2). 

This integrative analysis of cytokine and NMR media analysis monitored at early stages of 

the T-cell process provided highly predictive feature combinations of end-product quality 

particularly for total live TN + TCM CD4+ cells and CD4+/CD8+ ratio as shown in Figure 4.3a,b. 

However, when translating a real-time monitoring strategy to a large-scale manufacturing process, 

measuring both cytokine and NMR features from media can be difficult and expensive. To be cost-

efficient and translatable, we demonstrated that either cytokine profiles or NMR media analysis 

alone is sufficient to find predictive features without compromising prediction performance. 

 
Figure 4.3 Uniform manifold approximation and projection (UMAP) clustering in 2D (X1, X2) 
of T-cell samples from early predictive from nuclear magnetic resonance (NMR) and cytokine 
media features at day 6 of T-cell culturing (formate, lactate, histidine, ethanol, dimethylamine, 
branch chain amino acids (BCAAs), glucose, glutamine, TNFα, IL2R, IL4, IL17a, IL13, IL15, and 
GM-CSF): for (a) ratio CD4+ to CD8+ TN + TCM, (b) total live CD4+ TN + TCM cells, and (c) total 
live CD8+ TN + TCM cells 
 

Single-omics media analysis for early prediction 

ML models using solely media cytokine profiles at day 6 reached similar or higher R2 than those 

of the multiomics models (CD4+ TN + TCM: 71.4%–99.9%; CD4+/CD8+: 83.4%–99.7%). 
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However, CD8+ TN + TCM still had variable LOO-R2, 7.8%–93%. Overall, higher cytokine media 

profiles showed higher CD4+ TN + TCM and consequently its ratio with CD8+ (Figure 4.4a). This 

behavior was evident, even beyond day 6, for TNFα, IL2R, IL17a, and IL4 which were frequently 

selected as predictive features across models (Figures 4.4b,c and S3g–i). A more complex 

behavior was detected for CD8+ TN + TCM which cannot be explained by cytokine secretion alone 

(Figure 4.4d). 

 
Figure 4.4 General characteristics of cytokine media profiles. (a) Heatmap for cytokine profiles 
from media samples on day 6. Expression in picograms/milliliter across time points for relevant 
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cytokine features for (b) ratio CD4+ to CD8+ TN + TCM cells, (c) total live CD4+ TN + TCM cells, 
and (d) total live CD8+ TN + TCM cells 
 

Models using only NMR media intensities on day 6 revealed an R2 decrease of 8.8% and 

11.1%, on average, compared with the multiomics and cytokine models, respectively. Yet, SR, 

GBM, and PLSR reached high LOO-R2 (92.1%–99%), specifically for CD4+/CD8+ and 

CD4+ TN + TCM. Although good prediction was achieved with NMR media analysis on day 6, we 

obtain slightly better predictions with NMR media analysis on day 4 (Table 4.1). From these 

models, formate, lactate, DMS concentration were highly ranked to predict both, ratio 

CD4+/CD8+ and CD4+ TN + TCM (Figure S3a–f). Some variable combinations also contained 

histidine, ethanol, dimethylamine, branch chain amino acids (BCAAs), glucose, and glutamine 

(Table S3). Lower intensity values for BCAAs, dimethylamine, glucose, and glutamine displayed 

higher CD4+ TN + TCM cells across the different media monitoring times (Figure S5a). Inversely, 

higher intensities of formate and lactate showed higher CD4+ TN + TCM and its ratio with 

CD8+ consistently across time (Figure 4.5a,b). 
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Figure 4.5 Top-performing features nuclear magnetic resonance (NMR) media analysis. NMR 
intensities in arbitrary units (AU) across time points for (a) ratio CD4+/CD8+ TN + TCM cells, and 
(b) total live CD4+ TN + TCM cells. (c) Simulation of 1H NMR spectrum shows the potential to 
detect multiple predictive features at lower magnetic fields. Overlay of a pooled experimental 
spectrum of T-cell culture medium (green) and GISSMO19, 20 simulated spectrum (blue), 
composed of 19 compounds that reasonably approximate the experimental spectrum acquired at 
600 MHz. Asterisk indicates an unknown feature of high intensity that was simulated with 2,3-
dimethylamine (blue feature to right). Annotated features in the spectrum correspond to those 
identified as being highly predictive of output responses across computational methods. (d) 
GISSMO19, 20 simulated spectrum at 80 MHz, corresponding to a field strength of commercially 
available benchtop NMR systems 
 
 

The initial screening of a few samples from a different experimental batch shows much 

lower values of TN + TCM responses but maintains a similar NMR and cytokine media patterns as 

the DOE and ADOE experiments (lower value intensities/secretion, lower TN + TCM response) in 

terms of the total live TN + TCM cells for CD4+ and CD8+. However, the decay in total live 

TN + TCM cells for CD8+ is much rapid than CD4+ which makes the ratio behave in a more complex 

behavior (Figures S7 and S8). 

Discussion 

CPP's understanding is critical to new product development and, especially in cell therapy 

development, it can have life-saving implications. The challenges for effective modeling grow 

with the increasing complexity of processes due to high dimensionality, and the potential for 

process interactions and nonlinear relationships. Another critical challenge is the limited amount 

of available data, mostly small DOE data sets. SR has the necessary capabilities to resolve the 

issues of process effects modeling and has been applied across multiple industries.21 SR discovers 

mathematical expressions that fit a given sample and differs from conventional regression 

techniques in that a model structure is not defined a priori.22 Hence, a key advantage of this 

methodology is that transparent, human-interpretable models can be generated from small and 

large data sets with no prior assumptions.23, 24 
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Since the model search process lets the data determine the model, diverse and competitive 

(e.g., accuracy and complexity) model structures are typically discovered. An ensemble of diverse 

models can be formed where its constituent models will tend to agree when constrained by 

observed data yet diverge in new regions. Collecting data in these regions helps to ensure that the 

target system is accurately modeled, and its optimum is accurately located.23, 24 Exploiting these 

features allows adaptive data collection and interactive modeling. Consequently, this adaptive-

DOE approach is useful in a variety of scenarios, including maximizing model validity for model-

based decision making, optimizing processing parameters to maximize target yields, and 

developing emulators for online optimization and human understanding.23, 24 

An in-depth characterization of potential DMS-based T-cell CQAs includes a list of 

cytokine and NMR features from media samples that are crucial in many aspects of T-cell fate 

decisions and effector functions of immune cells. Cytokine features were observed to slightly 

improve prediction and dominated the ranking of important features and variable combinations 

when modeling together with NMR media analysis and process parameters (Figure 4.2a,b). 

Predictive cytokine features such as TNFα, IL2R, IL4, IL17a, IL13, and IL15 were biologically 

assessed in terms of their known functions and activities associated with T cells. T helper cells 

secrete more cytokines than T cytotoxic cells, as per their main functions, and activated T cells 

secrete more cytokines than resting T cells. It is possible that some cytokines simply reflect the 

CD4+/CD8+ ratio and the activation degree by proxy proliferation. However, the exact ratio of 

expected cytokine abundance is less clear and depends on the subtypes present, and thus 

examination of each relevant cytokine is needed. 

IL2R is secreted by activated T cells and binds to IL2, acting as a sink to dampen its effect 

on T cells.25 Since IL2R was much greater than IL2 in solution, this might reduce the overall effect 
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of IL2, which could be further investigated by blocking IL2R with an antibody. In T cells, TNF 

can increase IL2R, proliferation, and cytokine production.25 It may also induce apoptosis 

depending on concentration and alter the CD4+ to CD8+ ratio.26 Given that TNF has both a soluble 

and membrane-bound form, this may either increase or decrease CD4+ ratio and/or memory T cells 

depending on the ratio of the membrane to soluble TNF.27 Since only soluble TNF was measured, 

membrane TNF is needed to understand its impact on both CD4+ ratio and memory T cells. 

Furthermore, IL13 is known to be critical for Th2 response and therefore could be secreted if there 

are significant Th2 T cells already present in the starting population.28 This cytokine has limited 

signaling in T cells and is thought to be more of an effector than a differentiation cytokine.29 This 

feature might be emerging as relevant due to an initially large number of Th2 cells or because Th2 

cells were preferentially expanded; indeed, IL4 is the conical cytokine that induces Th2 cell 

differentiation and was observed to be an important variable (Figure 2b,c). The role of these 

cytokines could be investigated by quantifying the Th1/2/17 subsets both in the starting population 

and longitudinally. Similar to IL13, IL17 is an effector cytokine produced by Th17 cells30 thus 

may reflect the number of Th17 subset of T cells. GM-CSF has been linked with activated T cells, 

specifically Th17 cells, but it is not clear if this cytokine is inducing differential expansion of 

CD8+ T cells or if it is simply a covariate with another cytokine inducing this expansion.31 Finally, 

IL15 has been shown to be essential for memory signaling and effective in skewing CAR-T cells 

toward the Tscm phenotype when using membrane-bound IL15Ra and IL15R.32 Its high predictive 

behavior goes with its ability to induce large numbers of memory T cells by functioning in an 

autocrine/paracrine manner and could be explored by blocking either the cytokine or its receptor. 

Similarly, literature suggests that many of the predictive metabolites found here are 

consistent with metabolic activity associated with T-cell activation and differentiation, yet it is not 
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clear how the various combinations of metabolites relate with each other in a heterogeneous cell 

population and should be explored. Formate and lactate were found to be highly predictive and 

observed to positively correlate with higher values of total live CD4+ TN + TCM cells 

(Figures 4.5a,b and S6). Formate is a byproduct of the one-carbon cycle implicated in promoting 

T-cell activation.33 Importantly, this cycle occurs between the cytosol and mitochondria of cells 

and formate excreted.34 Mitochondrial biogenesis and function have been shown necessary for 

memory cell persistence.35, 36 Therefore, increased formate in media could be an indicator of one-

carbon metabolism and mitochondrial activity in the culture. 

In addition to formate, lactate was found as a putative CQA of TN + TCM. Lactate is the end-product 

of aerobic glycolysis, characteristic of highly proliferating cells and activated T cells.37, 38 Glucose 

import and glycolytic genes are immediately upregulated in response to T-cell stimulation and thus 

the generation of lactate. At earlier time points, this abundance suggests a more robust induction 

of glycolysis and higher overall T-cell proliferation. Interestingly, our models indicate that higher 

lactate predicts higher CD4+, both in total and in proportion to CD8+, seemingly contrary to 

previous studies showing that CD8+ T cells rely more on glycolysis for proliferation following 

activation.39 It may be that glycolytic cells dominate in the culture at the early time points used for 

prediction, and higher lactate reflects more cells. 

Ethanol patterns are difficult to interpret since its production in mammalian cells is still 

poorly understood.40 Fresh media analysis indicates ethanol presence in the media used, possibly 

utilized as a carrier solvent for certain formula components. However, this does not explain the 

high variability and trend of ethanol abundance across time (Figure S5). As a volatile chemical, 

variation could be introduced by sample handling throughout the analysis process. Nonetheless, it 

is also possible that ethanol excreted into media over time, impacting processes regulating redox 
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and reactive oxygen species which have previously been shown to be crucial in T-cell signaling 

and differentiation.41 

Metabolites that consistently decreased over time are consistent with the primary carbon 

source (glucose) and essential amino acids (BCAA, histidine) that must be continually consumed 

by proliferating cells. Moreover, the inclusion of glutamine in our predictive models also suggests 

the importance of other carbon sources for certain T-cell subpopulations. Glutamine can be used 

for oxidative energy metabolism in T cells without the need for glycolysis.39 Overall, these results 

are consistent with existing literature that show different T-cell subtypes require different relative 

levels of glycolytic and oxidative energy metabolism to sustain the biosynthetic and signaling 

needs of their respective phenotypes.42, 43 It is worth noting that the trends of metabolite abundance 

here are potentially confounded by the partial replacement of media that occurred periodically 

during expansion (see the Materials and Methods section), thus likely diluting some metabolic 

byproducts (i.e., formate and lactate) and elevating depleted precursors (i.e., glucose and amino 

acids). More definitive conclusions of metabolic activity across the expanding cell population can 

be addressed by a closed system, ideally with online process sensors and controls for formate, 

lactate, along with ethanol and glucose. 

We demonstrated the ability to identify predictive markers using high-magnetic field NMR 

spectrometers. However, these are expensive, require a significant amount of resources to house 

and maintain, and would be the unlikely option for routine monitoring in industrial cell-

manufacturing. Another common method, liquid chromatography (LC) coupled to mass 

spectrometry, has the advantage of a relatively smaller footprint and less upfront cost but it has 

other drawbacks such as destruction of the sample and difficulty with components in culture media 

that damage LC columns without extraction. Nevertheless, methods like continuous closed-loop 
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sampling are being developed to address this and might be readily available in the 

future.44 Recently, permanent magnet-based NMR spectrometers (benchtop-size) have become 

available at a lower cost. Many of these are readily configured for flow-through reaction 

monitoring, which can be leveraged in a closed-cell manufacturing process. To explore the 

feasibility of such system, we utilized a spectral simulation to evaluate if putative CQAs identified 

here could theoretically be observed and quantified at a magnetic field strength of 80 MHz 

(common commercial benchtop systems). First, the experimental data acquired at 600 MHz was 

approximated by creating a simulated mixture of identified metabolites (Figure 4.5c) and then 

simulated at 80 MHz (Figure 4.5d). While the spectral resolution is significantly reduced 

compared to a spectrum at high-field, there are still numerous features that can be attributed to 

unique metabolites, including those identified as highly predictive (Figure 4.5c,d). Although this 

is promising, there will be challenges to acquiring high-quality data in a closed bioreactor system, 

that is, cells/DMS-particles present in suspension, final media formulation dictated by the amount 

of spectral complexity/overlap, and accurate quantitation of features with high overlap from other 

signals. However, a dedicated benchtop NMR coupled to a bioreactor could provide a simple 

system for real-time monitoring of CQAs. 

Conclusions 

Henceforth, this two-phase approach enabled in-depth characterization and identification 

of potential CQAs and CPPs for T cells. More sampling is needed to explore aspects like donor-

to-donor variability or orthogonal behaviors from failed expansions when available it can be 

incorporated into this workflow which will be enriched due to its data-driven iterative design that 

fine-tunes model parameters as more data fit back into it, providing a powerful framework to 

optimize a complex experimental space during the cell-manufacturing process, and to facilitate the 
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identification of CPPs and early predictive CQAs from multiomics, which can be used broadly in 

the cell therapy and regenerative medicine field to accurately predict end-of-manufacturing quality 

at early stages. 

The workflow and methods developed here could eventually allow manufacturers to 

identify deviations and problems with a manufacturing batch early during the culture and 

potentially implement corrective in-process controls. This could provide a more thorough 

understanding of the process parameters and their influence on end-product quality, and allow 

manufacturers to reduce batch failures, and thus improve cost, reduce risk, and increase access to 

cell-based therapies. 

Materials and methods 

Microcarrier fabrication 

DMSs were fabricated as previously described.18 To vary the surface concentration of the 

antibodies, the anti-CD3/anti-CD28 mAb mixture was further combined with a biotinylated 

isotype control to reduce the overall fraction of targeted mAbs. All mAbs were low endotoxin 

azide-free (Biolegend custom, LEAF specification). The surface concentration of the antibodies 

was quantified as previously described using a bicinchoninic acid assay kit (Thermo Fisher 

23227).18 See Supplementary Methods. 

T-cell culture including sample collection 

Cryopreserved primary human T cells were obtained as sorted CD3 subpopulations 

(Astarte Biotech). T cells were activated by adding DMSs (amount specified by the DOE) at day 

0 of culture immediately after thaw. DMSs were not added or removed during the culture and had 

antibodies that were conjugated in proportions specified by the DOE. Initial cell density was 

2.0 × 106 cells/ml in a 96-well plate with 300 μl volume. Media was serum-free TexMACS 
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(Miltentyi Biotech 170-076-307) supplemented with recombinant human IL2 in concentrations 

specified by the DOE (Peprotech 200-02). Cell cultures were expanded for 14 days as counted 

from the time of initial seeding and activation. Cell counts and viability were assessed using 

acridine orange/propidium iodide (AO/PI) and a Countess Automated Cell Counter (Thermo 

Fisher). Media was added to cultures every 2 days to 3 days in a 3:1 ratio (new volume:old volume) 

or based on a 300 mg/dl glucose threshold. The ADOE was done using the same feeding schedule 

as the initial DOE to maintain consistency for validation. Media glucose was measured using a 

ChemGlass glucometer to confirm cell growth and activation. 

 

Flow cytometry 

At the end of culture, at least 1e5 T cells from each run were washed with PBS once, 

resuspended in PBS, and stained with Zombie UV (Biolegend, 423107) for 30 min at room 

temperature in the dark at a 1:1000 dilution. Cells were spun and resuspended in FACS buffer (1X 

PBS, 2% bovine serum albumin, 5 mM EDTA) and were stained with antibodies according 

to Table S1 for 60 min in the dark at 4°C. Cells were then resuspended in fresh FACS buffer, after 

which they were run on a BD LSR ortessa. All stained was performed in a 96 well v-bottom plate. 

See Supplementary Methods. 

Cytokine measurements 

Cytokines were measured using a custom ProcartaPlex Luminex kit (Thermo Fisher). The 

assay was performed using media samples taken at various time points throughout the T-cell 

culture according to the manufacturer's instructions with modifications to half the reagent 

requirements. Data available at Supporting Dataset S1. See Supplementary Methods. 

NMR metabolomics sample preparation 



 116 

Fifty microliter of media was collected from each culture at each time point (before media 

exchange, if applicable), flash-frozen in liquid nitrogen, and stored at −80°C. Samples were 

shipped to CCRC on dry ice for NMR analysis. Run order of samples was randomized. Samples 

were prepared in two batches for each rack of NMR samples to be run. For each rack, samples 

were pulled and sorted on dry ice, then thawed at 4°C for 1 h. Samples were then centrifuged at 

2990 × g at 4°C for 20 min to pellet any cells or debris that may have been collected with the 

media. 5 μl of 100/3 mM DSS-D6 in deuterium oxide (Cambridge Isotope Laboratories) were 

added to 1.7 mm NMR tubes (Bruker BioSpin), followed by 45 μl of media from each sample that 

was added and mixed, for a final volume of 50 μl in each tube. Samples were prepared on ice and 

in predetermined, randomized order. The remaining volume from each sample in the rack (~4 μl) 

was combined to create an internal pool. This material was used for internal controls within each 

rack as well as metabolite annotation. 

NMR data collection and processing 

NMR spectra were collected on a Bruker Avance III HD spectrometer at 600 MHz using a 

5-mm TXI cryogenic probe and TopSpin software (Bruker BioSpin). One-dimensional spectra 

were collected on all samples using the noesypr1d pulse sequence under automation using ICON 

NMR software. Two-dimensional (2D) HSQC and TOCSY spectra were collected on internal 

pooled control samples for metabolite annotation. One-dimensional spectra were manually phased 

and baseline corrected in TopSpin. 2D spectra were processed in NMRpipe.45 One dimensional 

spectra were referenced, water/end regions removed, and normalized with the PQN 

algorithm46 using an in-house MATLAB (The MathWorks, Inc.) toolbox 

(https://github.com/artedison/Edison_Lab_Shared_Metabolomics_UGA). 

NMR feature selection 
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To reduce the total number of spectral features from approximately 250 peaks and enrich 

for those that would be most useful for statistical modeling, a variance-based feature selection was 

performed within MATLAB. For each digitized point on the spectrum, the variance was calculated 

across all experimental samples and plotted. Clearly resolved features corresponding to peaks in 

the variance spectrum were manually binned and integrated to obtain quantitative feature 

intensities across all samples (Figure S4). In addition to highly variable features, several other 

clearly resolved and easily identifiable features were selected (glucose, BCAA region, etc.). Some 

features were later discovered to belong to the same metabolite but were included in further 

analysis. Data are available at Dataset S1. 

Metabolite annotation 

2D spectra collected on pooled samples were uploaded to COLMARm web server,47 where 

HSQC peaks were automatically matched to database peaks. HSQC matches were manually 

reviewed with additional 2D and proton spectra to confirm the match. Annotations were assigned 

a confidence score based upon the levels of spectral data supporting the match as previously 

described.48 Annotated metabolites were matched to previously selected features used for 

statistical analysis. Several low abundance features selected for analysis did not have database 

matches and were not annotated. 

Low-field spectrum simulation 

Using the list of annotated metabolites obtained above, an approximation of a 

representative experimental spectrum was generated using the GISSMO mixture simulation 

tool.19, 20 With the simulated mixture of compounds, generated at 600 MHz to match the 

experimental data, a new simulation was generated at 80 MHz to match the field strength of 

commercially available benchtop NMR spectrometers. The GISSMO tool allows visualization of 
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signals contributed from each individual compound as well as the mixture, which allows 

annotation of features in the mixture belonging to specific compounds. 

ML modeling 

Seven ML techniques were implemented to predict TN and TCM responses related to the 

memory phenotype of the cultured T cells under different process parameters conditions. The ML 

methods executed were RF, GBM, CIF, LASSO, PLSR, SVM, and SR. Primarily, SR models were 

used to optimize process parameter values based on TN + TCM phenotype and to extract early 

predictive variable combinations from the multiomics experiments. SR was done using Evolved 

Analytics' Data Modeler software (Evolved Analytics LLC). While nonparametric tree-based 

ensembles were done through the randomForest, gbm, and cforest regression functions in R, for 

RF, gradient boosted trees, and CIF models, respectively. Prediction performance was evaluated 

using LOO-R2 and permutation-based variable importance scores assessing % increase of mean 

squared errors, relative influence based on the increase of prediction error, coefficient values for 

RF, GBM, and CID, respectively. Partial least squares regression was executed using 

the plsr function from the pls package in R while LASSO regression was performed using 

the cv.glmnet R package, both using leave-one-out cross-validation. Finally, the kernlab R 

package was used to construct the SVM regression models. Parameter tuning was done for all 

models in a grid search manner using the train function from the caret R package using LOO-

R2 as the optimization criteria. Prediction performance was measured for all models using the final 

model with LOO-R2 tuned parameters. More details at Table S2. See Supplementary Methods. 

ML consensus analysis 

Consensus analysis of the relevant variables extracted from each ML model was done to 

identify consistent predictive features of quality at the early stages of manufacturing. Using 
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importance scores, key predictive variables were selected if their importance scores were within 

the 80th percentile ranking for the following ML methods: RF, GBM, CIF, LASSO, PLSR, SVM 

while for SR variables present in >30% of the top-performing SR models from Data Modeler 

(R2 ≥ 90%, complexity ≤100) were chosen to investigate consensus. Only variables with those high 

percentile scoring values were evaluated in terms of their logical relation (intersection across ML 

models). See Supplementary Methods. 
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CHAPTER 5 

DISCUSSION AND FUTURE DIRECTIONS 

I have shown my work in leveraging NMR metabolomics in cell models of disease and as 

a functional readout of manufactured cells. In this final chapter I will discuss the potential avenues 

for advancing metabolomics in cell models and cell manufacturing, including current work nearing 

completion. 

Metabolomics in advanced cell systems 

While most untargeted human metabolomics studies have been aimed towards finding biomarkers 

that can indicate disease, the use of cells has the ability to directly interrogate mechanisms of 

disease and metabolism.1,2 However it is often difficult to accurately recreate, or even be aware of, 

all the relevant conditions to include in a cell model. While all cell models are inherently simplistic 

and imperfect representations, their advantages in being able to get at molecular mechanisms and 

generating hypotheses are still of huge value. With these considerations, there are steps that can 

be taken to improve the accuracy and relevance of metabolomics studies in cell systems. 

The use of primary cells is probably the simplest way to get a little bit closer to 

physiological relevance in cell models. As illustrated in Chapter 3, there can be significant 

differences between metabolic adaptations in genome edited cell lines compared to patient derived 

cells. Cell lines have a theoretical advantage of being reproducible and comparable across 

experiments/labs, however the scientific community has largely been dissuaded from that illusion. 

In the end, primary cells probably generate more relevant results. 
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Many cells that are cultured in 2D are also able to be cultured in 3D, typically by 

embedding cells into a gel-like matrix. Altered cell-cell contacts and interactions with extracellular 

proteins/scaffolds in 3D cultures result in vastly different gene expression and metabolic profiles.3 

While 3D cell culture has been around for some time, the lack of standard and reproducible 3D 

matrix has also hampered its ability to produce consistent results. This problem is complicated 

further when considering biologically accurate matrices would also be highly dependent upon the 

cell type and tissue being simulated. Indeed, specific interactions with components of the 

microenvironment around cells determines the cell phenotype.4 There are of course challenges to 

applying traditional metabolomics methods to these culture systems, such as attempting to recover 

cells from an extracellular matrix, or extracting metabolites from embedded cells, introduce 

additional sources of variance and bias through more sample handling and matrix effects 

Alternatively, some cell types can spontaneously form organoids, which can more closely 

reflect tissue characteristics. These organoids are 3D multicellular colonies, and through their cell-

cell interactions, polarization, and super structure develop properties closer to real tissue.  One 

tradeoff here is organoid systems can blur the lines between intracellular and extracellular 

metabolites if they develop cysts where metabolites are being exchanged in a closed environment.  

To add another layer of complexity, interactions between different cell types are also key 

to understanding most disease mechanisms. Thus, co-culture systems are also important 

applications of cell culture that are pose some difficulty to applying traditional metabolomics 

studies, as contributions from different cell types are difficult to distinguish. Particularly relevant 

to the work described here, are interactions between cancer cells and stromal cells 5 and between 

cancer cell and immune cell interactions. In fact, other co-authored works I have contributed to (in 

progress) have attempted to examine the extracellular environment of glioma organoid and CAR-
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T cells. These analyses have proved difficult due to not being able to easily account for which cell 

type is causing observed changes in the media, in addition to how they are affecting each other. 

There have been methods proposed to be able to disentangle metabolite contributions of different 

cell types when both analyzed separately and in co-culture when part of the same study, and should 

be further explored for these types of interaction studies.6 Being able to separate cells from a co-

culture after an exposure period would be ideal for being able to more accurately understand how 

cell-cell interactions affect internal metabolism of individual cell types. A reproducible, 3D 

printed, perfusable organoid chip could be a solution for being able to more closely simulate a 

tissue microenvironment with multiple cell types.7,8 

Another frontier in cell-based metabolomics is in both temporal and spatial resolution of 

metabolism, which is also hugely important to understanding and treating disease. Currently, there 

are methods being developed to address this and gain one or both of those dimensions of 

information.9-11  

Future work developing better cell models for cancer and disease metabolism should strive 

to match as closely as possible the metabolic and transcription signatures of whole tissues, 

providing evidence for more accurate approximations. Ultimately, integrating these more relevant 

cell systems with biochemical genetics afforded by cell culture will provide the most informative 

knowledge that can be gained from these metabolomics studies. When combined with the unique 

capabilities of NMR as outlined in Chapter 1, there is immense potential for the use of NMR based 

metabolism studies in cell models as technology advances.  

Future Directions Improving Cell Therapies 

We’ve begun a new study to further demonstrate the use of NMR media analysis of cell 

cultures to predict cell product function and create hypotheses of mechanism of action, addressing 
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two vital needs in the cell therapy space. Here I will describe this ongoing work and summarize 

the results thus far.  

Mesenchymal stromal cells are a promising cell therapy that has several potential uses, 

including modulating inflammation and immune response in tissues. So far it’s applications have 

been limited by inconsistent results in trials, unknown mechanisms of action and no critical quality 

attributes that can be reliable indicators of product potency. Contrastingly to CAR T therapies 

described in Chapter 3, MSC therapies are primarily being developed as allogeneic therapies, or 

“off-the-shelf” banks of manufactured donor cells that can be given to many patients. Some of the 

inconsistency in effect is due to heterogeneity in donor cells that used for therapy, different donors 

can have different potency in different patients. Characterizing both this variation in different 

donor cells as well early markers predictive of potency irrespective of donor are crucial for 

improving these therapies.  

To approach these goals, we expanded 10 donor MSC lines identically in a cell 

manufacturing facility at Georgia Tech University. Media was collected from each day of culture 

for analysis by NMR. At the endpoint of culture, the cells were harvested, and assays performed 

to assess function. The collected culture media from all cell lines and replicates were analyzed by 

NMR as described in Chapter 3 (Figure 5.1).  
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Figure 5.3 Metabolite abundance trajectories for 10 MSC donor lines over three days of 
continuous culture. Y axis is zero scaled 

 

Interestingly, the trajectories of some NMR features/metabolites in the culture media do 

not appear to keep a linear trajectory, or indeed a monotonic trajectory. This suggests a higher time 

resolution is required to capture the true dynamics of certain metabolites in these early culture 

periods.  

Features were taken from the media NMR spectra and used as input to predict the 

functional values of each donor cell line (Figure 5.2). To focus on the early predictive features, we 

looked specifically at media from the first three days of culture 
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Figure 5.4 Machine Learning (ML) results modeling MSC function with NMR features. A) Table 
of leave-one-out-R2 performance values for the variable sets and machine learning methods 
indicated. B) Response plot of PLSR model showing model predicted functional composite scores 
against actual measured scores. SR = symbolic regress, PLSR = partial least squares regression, 
SVM = support vector machine, GBM = gradient boosted machine, LASSO = , RF = random 
forest, DT = decision tree. 

 

I have been able to generate good models to predict the function of different MSC donor 

lines with changes in NMR feature intensity over two or three days of culture. These models can 

each provide information on which features are most important for their predictive ability. We are 

currently assessing these features to determine which pathways may be indicated as being most 

affected in good vs bad performing cell products.  

As mentioned earlier in this dissertation, I believe the work exhibited here shows the 

potential for NMR as a method for continuous monitoring of culture media for cell manufacturing. 

Benchtop NMR, which is a more affordable and portable option to the high field instruments used 

A

B



 134 

to conduct the work in this dissertation, could still provide useful information on-line for 

monitoring product quality (Figure 5.3). 

 

 

 

Figure 5.5 Comparison of experimental NMR spectrum at 600 MHz and simulated spectrum of 
the same mixture at 80 MHz. Peaks corresponding to annotated metabolites are labeled with 
arrows. 

 

Concluding remarks 

Realtime monitoring is something only feasible in cell culture which gives important 

information. Incorporation of other techniques such as isotopic labeling and use of more relevant 

culture systems could be leveraged to get detailed dynamics of metabolism under conditions of 

cell manufacturing, disease, or drug treatment. Understanding these dynamics will undoubtedly be 

invaluable for generating new knowledge of human health. I can envision a future of precision 
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medicine and cell manufacturing where patient cells are collected, grown and tested in 

physiologically relevant systems ex vivo, and monitored to understand the nature of their 

metabolism. As the basic knowledgebase continues to grow (including the examples in this 

dissertation), we will work towards identifying the metabolic patterns of different disease states 

will be essential to then identifying specific interventions and improving treatment outcomes. 
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Supplemental Figure 2.6: Augusta cells show more invasive phenotype when cocultured with 

cancer associated fibroblasts. A and B) Phase contrast micrographs of MCF-7 and Augusta cells 

respectively, shown at 400X total magnification. C and D) Confocal fluorescence micrographs of 

MCF-7 and Augusta (respectively) cells co-cultured with cancer associated fibroblasts. 
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Supplemental Figure 2.2: Untargeted 1H NMR metabolomics shows metabolic reprogramming 

largely inconsistent with EMT in Augusta cells. A) Overlay of average 1H NMR spectra for each 

cell line. Inset shows zoom of region corresponding to signals from BCAAs. Dashed lines are 

spectra from individual samples across two independent experiments. B) Scores plot of OPLS-

DA model generated using 340 manually selected features. Each dot represents an independent 

culture replicate.  R2Y = .679 Q2 = .544. MCF-7 N=10, Augusta N=11.  C) Variable importance 
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projection plot indicating contribution of each feature to classification in OPLS-DA model 

(loadings) and correlation of feature value with Tp component score. Highlighted areas indicate 

features with loadings > |1| and correlation > |.75|.  Leu = leucine, Val = valine, Thr = threonine, 

Ile = isoleucine, Ino = myo-inositol, Ukn = unknown, Cit = citrate, Ser = serine, CrP = creatine 

phosphate 

 

 

 

Supplemental Figures 2.3-15: KEGG maps of most highly enriched metabolic pathways with 

metabolomics and transcriptomics data represented. 
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Supplemental Figure 2.16: KEGG Map of PI3K/AKT signalling pathway with gene expression 

data represented. Note: Not all quantified and/or significant genes within pathway are shown in 

image. 
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Supplemental Table 2.1: All quantified intracellular metabolites measured by 1H NMR. Values 

are in arbitrary units. Bold line indicates FDR p-value threshold of 0.05. 
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Supplemental Table 2.2: All quantified conditioned media metabolites measured by 1H NMR. 

Values are in arbitrary units. 1KIC = ketoisovaleric acid, 2KMV = ketomethylvaleric acid. 

 

 

  

Acetate 3 0.615 ± 0.01 5.119 ± 0.240 3.057 6.51E-09 1.69E-07
Pyruvate 4 0.195 ± 0.004 0.392 ± 0.016 1.009 3.47E-07 4.51E-06
Glucose 4 0.967 ± 0.04 0.270 ± 0.061 -1.839 3.41E-06 2.96E-05
Alanine 4 0.368 ± 0.004 0.427 ± 0.014 0.214 1.53E-03 8.46E-03
Proline 4 0.079 ± 0.004 0.107 ± 0.005 0.447 1.63E-03 8.46E-03
Lactate 4 1.533 ± 0.03 1.771 ± 0.058 0.208 3.56E-03 0.015
Ethanol 4 14.230 ± 0.396 15.901 ± 0.407 0.160 0.017 0.062
Glycine 3 0.331 ± 0.001 0.305 ± 0.011 -0.116 0.027 0.088
Glutamate 4 0.450 ± 0.005 0.481 ± 0.014 0.097 0.048 0.127
Glutamine 4 0.806 ± 0.014 0.882 ± 0.033 0.131 0.049 0.127
Isoleucine 4 0.648 ± 0.005 0.603 ± 0.027 -0.102 0.107 0.252
myo-Inositol 4 0.157 ± 0.009 0.179 ± 0.017 0.193 0.242 0.485
Sucrose 3 0.068 ± 0.004 0.081 ± 0.010 0.252 0.233 0.485
Arginine 4 0.926 ± 0.012 0.958 ± 0.028 0.049 0.288 0.499
KIC1 4 0.072 ± 0.005 0.082 ± 0.008 0.195 0.277 0.499
Histidine 4 0.077 ± 0.005 0.085 ± 0.007 0.146 0.334 0.523
Serine 4 0.236 ± 0.009 0.221 ± 0.012 -0.095 0.342 0.523
KMV2 4 0.138 ± 0.001 0.141 ± 0.004 0.029 0.450 0.650
Tyrosine 4 0.152 ± 0.004 0.155 ± 0.003 0.030 0.501 0.685
Phenylalanine 4 0.165 ± 0.004 0.162 ± 0.003 -0.026 0.579 0.753
Leucine 4 0.711 ± 0.008 0.707 ± 0.033 -0.006 0.921 0.953
Lysine 4 0.169 ± 0.002 0.169 ± 0.004 0.007 0.850 0.953
Methionine 4 0.046 ± 0.003 0.045 ± 0.004 -0.042 0.776 0.953
Styachyose-Raffinose3 3 0.018 ± 0.003 0.018 ± 0.009 -0.042 0.953 0.953
Threonine 4 0.158 ± 0.013 0.154 ± 0.021 -0.036 0.870 0.953
Valine 4 0.594 ± 0.005 0.595 ± 0.021 0.003 0.945 0.953

Confidence 
ScoreMetabolite log2(FC) p -value FDR

MCF-7 Augusta
Mean ± SE
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Supplemental File 1 – Photos of the soft loose skin noted in P3.  This patient and his siblings 

(P2 and P4) have loose and supple skin (but not classic cutis laxa phenotype).  P1, who bears the 

same genotype, has no evidence of a cutaneous phenotype. 
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Supplemental File 2- NMR spectra, PCA plot and quantification of selected metabolites in 

the WT, KO, KO + WT and KO + p.Thr331Pro HEK293 cell system 

 

 

 

 

Average 1H NMR spectra of HEK 293 cell extracts.  WT – WT HEK293 cells, KO - CRISPR 

knockout of ALDH18A1, KO + p.Thr331Pro (labeled T331P in the figure) - knockout cells 

exogenously expressing T331P variant of P5CS enzyme. KO + WT - knockout cells 



 159 

exogenously expressing wild type P5CS enzyme; (B) Principal component analysis scores plot of 

WT, KO, KO+T331P, and KO+WT cells. Integrated spectral features used for analysis; (C) Box 

and whisker plots of metabolites annotated from NMR spectra found significantly different by 

one-way ANOVA (FDR adjusted p-value < 0.05). All comparisons significant between KO and 

KO+T331P, KO and KO+WT unless otherwise noted. † indicates additional significant 

comparison between KO+T331P and KO+WT. * indicates significant comparisons between KO 

and KO+WT, and KO+T331P and KO+WT only. 
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Supplemental information 

Dataset S1 (separate file: btm_SuppDatasetS1.xlsx ). Process parameters, Cytokine, NMR 

metabolomics, end-product responses (i.e., TN+TCM cells), other cell morphology details can be 

found for both experiments performed (DOE, ADOE). Column names are self-explanatory, and 

their categories followed as Experiments information, Process Parameters, Media cytokine 

secretion at day 6, 8, 11, and 14, Media NMR analysis at day 4, 6, 8, 11, and 14, and other info.     

 

Supplementary Figure 

 

 

Supp.Fig.S1. Heatmap display of hierarchical clustering for all three TN+TCM endpoint 

responses using Ward.D agglomeration and Euclidean distance. Replicates represent the number 

of samples for that particular process parameter combination. 
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Supp.Fig.S2. Symbolic regression ensemble plots as given by DataModeler optimizing for 

Total live CD4+ TN+TCM cells. Predicted response profiles of a) Total live CD4+ TN+TCM cells, 

b) Total live CD8+ TN+TCM cells and c) Ratio of CD4+ to CD8+ TN+TCM cells at the predicted 

optimum for Total live CD4+ TN+TCM cells.  

a 

b 

c 
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Supp.Fig.S3. Overall feature consensus analysis of top-performing features in single-omics 

(a-f)  NMR models at day 4 and (g-i) Cytokine models at day 6 for a,b,g) ratio of total live 

CD4+ to CD8+ TN+TCM cells, c,d,h) total live CD4+ TN+TCM cells, and e,f,i) total live CD8+ 

TN+TCM cells 
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Supp.Fig.S4. Variance based feature selection of NMR features for computational 

modeling. a) Plot of variance across 1H NMR spectrum for all experimental samples. X-axis 

matched to below. b) Plot of all experimental spectra for both microcarrier and MACS bead 

process runs. Averages shown in bold lines. c) Integration of feature highlighted in dashed box. 

Far right plot shows overlay of all experimental spectra and averages for both groups. Vertical 

green lines correspond to boundaries for feature integration. Center plot shows the trajectory of 

integrated values for individual runs (represented as continuous lines) over the expansion period 

indicated on X-axis. Far left-plot shows a distribution of integrated values for all samples over all 

timepoints. 
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A   

B  

C  

Supp.Fig.S5. Media NMR intensities across monitoring times for a) total live CD4+ TN+TCM 

cells, b) ratio CD4+/CD8+ TN+TCM, and c) total live CD8+ TN+TCM cells. 
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a b  

c d  

Supp.Fig.S6: NMR Feature Correlation for SR-DataModeler models for NMR media 

analysis at day 4: a) lactate is strongly positively correlated with formate, DMS Conc and Total 

Live CD4+ and negatively correlated with glucose; b) formate is strongly positively correlated 

with lactate, DMS Conc and Total Live CD4+ and negatively correlated with glucose; c) glucose 

is negatively correlated with lactate and formate; d) NMR correlation Matrix. 
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Supp.Fig.S7: Intensity values for predictive cytokine features from media analysis on T cell 

culturing at day 6 for TN + TCM responses.    
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Supp.Fig.S8: Intensity values for predictive NMR features from media analysis on T cell 

culturing at day 4 for TN + TCM responses.     
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Supplementary Tables 

 

Supp.Table.S1. Summary Statistics for Day 14 Total Live (CD4+, CD8+) TN and TCM cells and 

Ratios for DOE/ADOE 

Response Experiment Minimum Median Mean Maximum 

Total live 

CD4+ TN and 

TCM cells  

DOE: 18-runs 4.3 x 105 2.5 x 106 2.3 x 106 4.0 x 106 

ADOE: 12-runs 7.4 x 105 3.2 x 106 3.1 x 106 4.7 x 106 

Total live 

CD8+ TN and 

TCM cells  

DOE: 18-runs 4.1 x 106 1.2 x 107 1.1 x 107 1.9 x 107 

ADOE: 12-runs 7.8 x 106 1.1 x 106 1.2 x 106 1.8 x 107 

Ratio live 

CD4+/CD8+ 

TN and TCM 

cells  

DOE: 18-runs 0.09 0.21 0.20 0.34 

ADOE: 12-runs 0.09 0.29 0.27 0.49 
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Supp.Table.S2. Variable combinations across responses from top-performing SR DataModeler 

Response Predictors Top Symbolic Regression DataModeler Combinations 

Ratio 

CD4+/CD8+ 

TN+TCM 

cells 

PP+N4  DMS Conc + Functional Mabs 

%+Histidine+Formate+Lactate 

IL2 Conc+DMS Conc + Functional Mabs 

%+Histidine+Formate+Ethanol 

IL2 Conc+DMS Conc + Functional Mabs 

%+Histidine+Lactate  

PP+N6 DMS Conc + Functional Mabs%+UK 1.3653+ 

Dimethylamine+ Glycine+UK 7.5387 

DMS Conc+Functional Mabs%+ Lactate1+Histidine +UK 

7.5387 

PP+S6 DMS Conc + Functional Mabs %+GMCSF+IL2R+MIF 

DMS Conc +GMCSF+IL2R+ IL5+MIF 

DMS Conc + Functional Mabs %+GMCSF+TNFa 

PP+S6+N6 GMCSF+ IL3+TNFa+ Tyrosine+Formate 

IL3+TNFa+ Tyrosine+Formate 

IL3+TNFa+Formate+UK 7.5387 

Total Live 

CD4+ 

TN+TCM 

cells 

PP+N4  IL2 Conc+DMS Conc+Functional Mabs%+Ethanol+Lactate 

IL2 Conc+DMS Conc+Functional Mabs%+Ethanol+Formate 

IL2 Conc+DMS Conc+Functional 

Mabs%+Ethanol+Lactate+Formate 
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IL2 Conc+DMS Conc+Functional 

Mabs%+Ethanol+Formate+Histidine 

IL2 Conc+Functional 

Mabs%+Ethanol+Dimethylamine+Lactate 

PP+N6 IL2 Conc + DMS Conc + Functional Mabs% + Lactate + 

Phenylalanine 

IL2 Conc + DMS Conc + Functional Mabs%+UK 4.1784 

PP+S6 IL2 Conc + IL13 + IL15 + IL17a + IL2R 

IL2 Conc + IFN alpha+ IL13 + IL15 + IL2R 

IL2 Conc + IL13 + IL15 + IL2R 

PP+S6+N6 IL2 Conc+IFN Alpha+ IL13+IL15+Histidine 

IL2 Conc+ IL13+IL15+IL17a+IL2R+Glycine 

IL2 Conc+IL13+IL15+IL2R+MIF+Glycine 

Total Live 

CD8+ 

TN+TCM 

cells 

PP +N4  IL2 Conc + DMS Conc + Lactate + Ethanol + Histidine + 

BCAAs 

IL2 Conc + DMS Conc + Functional Mabs% + Lactate + 

Ethanol + Histidine 

IL2 Conc + DMS Conc + Formate + Ethanol + Glucose + 

BCAAs 

IL2 Conc + DMS Conc + Formate + Glucose + BCAAs 

IL2 Conc + DMS Conc + Ethanol + Lactate+ Glutamine 

PP+N6 IL2 Conc + DMS Conc + Ethanol + Pyruvate + UK 7.5387 

IL2 Conc + DMS Conc + Ethanol +Tyrosine 
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IL2 Conc + DMS Conc + Ethanol +Lactate 

PP+S6 IL2 Conc+ DMS Conc+ IL15+IL17a+TNFa 

PP+S6+N6 IL2 Conc +DMS Conc + GM CSF+IL15+IL17a+UK 1.5208 

IL2 Conc +DMS Conc + GM CSF+IL15+IL17a+IL2R 

IL2 Conc +DMS Conc +IL15+IL17a+TNFa 

Note: UK means unknown or unidentified. 
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Supp.Table.S3. Variables present in >30% of the top-performing Symbolic Regression models 

from DataModeler (R2≥ 90%, Complexity ≤ 100) for the different end-product responses. 

Input Ratio CD4+/CD8+ 

TN+TCM cells 

Total Live CD4+ 

TN+TCM cells 

Total Live CD8+ 

TN+TCM cells 

PP+N4  DMS Conc 

Functional Mabs % 

Lactate  

Formate 

Histidine 

Ethanol 

IL2 Conc 

DMS Conc 

Functional Mab % 

Lactate 

Formate 

Ethanol 

 

IL2 Conc 

DMS Conc 

Lactate 

Formate 

Histidine 

BCAAs 

Ethanol 

PP+N6 Functional Mabs% 

DMS conc 

UK 75387 

Dimethylamine 

Glycine 

UK 13653 

Lactate 

Histidine 

IL2 Conc 

Functional Mab % 

DMS Conc 

Lactate  

Phenylalanine 

UK41784 

IL2 Conc 

DMS Conc 

Ethanol 

UK 75387 

Tyrosine 

Pyruvate 

Lactate  

PP+S6 DMS conc 

GMCSF 

IL2R 

MIF 

IL Conc 

IL2R 

IL13 

IL15 

IL2 Conc 

DMS Conc 

IL15 

IL17a 



 175 

IL5 

Functional Mabs % 

TNFa 

IL17a 

IFN alpha 

MIF 

TNFa 

PP+S6+N6 TNFa 

IL3 

Formate 

Tyrosine 

GMCSF 

UK75387 

IL2 Conc 

IL2R 

IL13 

IL15 

Glycine 

Histidine 

IL17a 

MIF 

IFN alpha 

IL2 Conc 

IL15 

DMS Conc 

IL17a 

GM CSF 

UK 15208 

IL2R 

TNFa 
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Supplementary Materials and Methods 

Overall multi-omics study design and development. The first DOE resulted in a randomized 

18-run I-optimal custom design where each DMS parameter was evaluated at three levels: IL2 

concentration (10, 20, and 30 U/�L), DMS concentration (500, 1500, 2500 carrier/�L), and 

functionalized antibody percent (60%, 80%, 100%). These 18 runs consisted of 14 unique 

parameter combinations where 4 of them were replicated twice to assess prediction error. Process 

parameters for the ADOE were evaluated at multiple levels: IL2 concentration (30, 35, and 40 

U/�L), DMS concentration (500, 1000, 1500, 2000, 2500, 3000, 3500 carrier/�L), and 

functionalized antibody percent (100%) as depicted in Fig.1B. To further optimize the initial 

region explored (DOE) in terms of total live CD4+ TN+TCM cells, a sequential adaptive design-

of-experiment (ADOE) was designed with 10 unique parameter combinations, two of these 

replicated twice for a total of 12 additional samples (Fig.1B). The fusion of cytokine and NMR 

profiles from media to model these responses included 30 cytokines from a custom Thermo 

Fisher ProcartaPlex Luminex kit and 20 NMR features. These 20 spectral features from NMR 

media analysis were selected out of approximately 250 peaks through the implementation of a 

variance-based feature selection approach and some manual inspection steps. 

Microcarrier fabrication. Degradable microscaffolds were fabricated as previously described1. 

Briefly, gelatin microcarriers (CuS, GE Healthcare DG-2001-OO) were suspended at 20 mg/mL 

in 1X phosphate-buffered saline (PBS). Sulfo-NHS-biotin (SNB) (Thermo Fisher 21217 or Apex 

Bio A8001) was dissolved at 10 µM in ultrapure water and 7.5 µL SNB/mL PBS was added to 

carrier suspension and allowed to react for 60 min. After washing the carriers three times in PBS, 

40 µg/mL streptavidin (Jackson Immunoresearch 016-000-114) was added and allowed to react 

for 60 min. Biotinylated mAbs against human CD3 and CD28 were combined in a 1:1 mass ratio 
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and added to the carriers at 2 µg mAbs/mg carriers. To vary the surface concentration of the 

antibodies, the anti-CD3/anti-CD28 mAb mixture was further combined with a biotinylated 

isotype control to reduce the overall fraction of targeted mAbs. mAbs were allowed to bind to 

the carriers for 60 min. All mAbs were low endotoxin azide-free (Biolegend custom, LEAF 

specification). Fully functionalized DMSs were washed in sterile PBS and washed once again in 

the cell culture media to be used for the T cell expansion. The surface concentration of the 

antibodies was quantified as previously described using a bicinchoninic acid assay (BCA) kit 

(Thermo Fisher 23227)1.  

Flow cytometry. At the end of culture, at least 1e5 T cells from each run were washed with PBS 

once, resuspended in PBS, and stained with Zombie UV (Biolegend, 423107) for 30 minutes at 

room temperature in the dark at a 1:1000 dilution. Cells were spun and resuspended in FACS 

buffer (1X PBS, 2% bovine serum albumin, 5 mM EDTA) and were stained with antibodies 

according to Supp.MM.Table.1 for 60 minutes in the dark at 4C. 

Supp.MM.Table.1. Flow cytometry antibodies 

Antigen Fluorophore Vendor Cat Number 

CD3 APC-Fire Biolegend 34839 

CD4 PerCP-Cy5.5 BD 561438 

CCR7 AF647 BD 561438 

CD62L PE BD 341012 

 

Cytokine measurements. Cytokines were measured using a custom ProcartaPlex Luminex kit 

(Thermo Fisher). The assay was performed using media samples taken at various time points 

throughout the T cell culture according to the manufacturer's instructions with modifications to 



 178 

half the reagent requirements. Briefly, an 8-point standard curve was created with all included 

standards. 25 �L magnetic beads were added to all required wells and washed three times. 25 

�L of each standard or sample was added to the wells and the plate was sealed and spun at 850 

rpm for 120 minutes followed by three washes. 12.5 �L detection antibody was added followed 

by sealing the plate and spinning for 60 minutes at 850 rpm and three washes. 25 �L streptavidin 

PE was added followed by the same spin and wash steps. 120 �L of reading buffer was added to 

the plate, the plate was analyzed on a BioPlex 200 (BioRad). Any samples that were majority 

over-range (denoted as “OOR >” in the output spreadsheet) were deemed too concentrated at run 

at 1/10th their original concentration to put them within range. All samples were run without 

technical replicates. Luminex data was preprocessed using R for inclusion in the analysis 

pipeline as follows. Any cytokine level that was over-range (“OOR >” in output) was set to the 

maximum value of the standard curve for that cytokine. Any value that was under-range (“OOR 

<” in output spreadsheet) was set to zero. All values that were extrapolated from the standard 

curve were left unchanged. Data available at Supp.Dataset.1. 

NMR unknown identification. Several low abundance features selected for analysis did not 

have database matches and were not annotated. Statistical total correlation spectroscopy2 

suggested that some of these unknown features belonged to the same molecules (not shown). 

Additional multidimensional NMR experiments will be required to determine their identity. 

Symbolic regression. Symbolic regression (SR) was done using Evolved Analytics’ Data 

Modeler software (Evolved Analytics LLC, Midland, MI). Data Modeler utilizes genetic 

programming to evolve symbolic regression models (both linear and non-linear) rewarding 

simplicity and accuracy. Using the selection criteria of highest accuracy (R2>90% or noise-

power) and lowest complexity, the top-performing models were identified. Driving variables, 
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variable combinations, and model dimensionality tables were generated. The top-performing 

variable combinations were used to generate model ensembles. In this analysis, Data Modeler’s 

SymbolicRegression function was used to develop explicit algebraic (linear and nonlinear) 

models. The fittest models were analyzed to identify the dominant variables using the 

VariablePresence function, the dominant variable combinations using the VariableCombinations 

function, and the model dimensionality (number of unique variables) using the 

ModelDimensionality function. CreateModelEnsemble was used to define trustable model 

ensembles using selected variable combinations and these were summarized (model expressions, 

model phenotype, model tree plot, ensemble quality, model quality, variable presence map, 

ANOVA tables, model prediction plot, exportable model forms) using the ModelSummaryTable 

function. Ensemble prediction and residual performance were respectively assessed via the 

EnsemblePredictionPlot and EnsembleResidualPlot subroutines. Model maxima 

(ModelMaximum function) and model minima (ModelMinimum function) were calculated and 

displayed using the ResponsePlotExplorer function. Trade-off performance of multiple responses 

was explored using the MultiTargetResponseExplorer and ResponseComparisonExplorer with 

additional insights derived from the ResponseContourPlotExplorer. Graphics and tables were 

generated by Data Modeler. These model ensembles were used to identify predicted response 

values, potential optima in the responses, and regions of parameter values where the predictions 

diverge the most.  

Other ML Methods. Non-parametric tree-based ensembles were done through the 

randomForest, gbm, and cforest regression functions in R, for random forest, gradient boosted 

trees, and conditional inference forest models, respectively. Both random forest and conditional 

inference forest construct multiple decision trees in parallel, by randomly choosing a subset of 



 180 

features at each decision tree split, in the training stage. Random forest individual decision trees 

are split using the Gini Index, while conditional inference forest uses a statistical significance 

test procedure to select the variables at each split, reducing correlation bias. In contrast, gradient 

boosted trees construct regression trees in series through an iterative procedure that adapts over 

the training set. This model learns from the mistakes of previous regression trees in an iterative 

fashion to correct errors from its precursors' trees (i.e., minimize mean squared errors). 

Prediction performance was evaluated using leave-one-out cross-validation (LOO)-R2 and 

permutation-based variable importance scores assessing % increase of mean squared errors 

(MSE), relative influence based on the increase of prediction error, coefficient values for RF, 

GBM, and CID, respectively. Partial least squares regression was executed using the plsr 

function from the pls package in R while LASSO regression was performed using the cv.glmnet 

R package, both using leave-one-out cross-validation. Finally, the kernlab R package was used to 

construct the Support Vector Machine regression models. 

Parameter tuning was done for all models in a grid search manner using the train function from 

the caret R package using LOO-R2 as the optimization criteria. Specifically, the number of 

features randomly sampled as candidates at each split (mtry) and the number of trees to grow 

(ntree) were tuned parameters for random forest and conditional inference forest. In particular, 

minimum sum of weights in a node to be considered for splitting and the minimum sum of 

weights in a terminal node were manually tuned for building the CIF models. Moreover, GBM 

parameters such as the number of trees to grow, maximum depth of each tree, learning rate, and 

the minimal number of observations at the terminal node, were tuned for optimum LOO-R2 

performance as well. For PLSR, the optimal number of components to be used in the model was 

assessed based on the standard error of the cross-validation residuals using the function 
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selectNcomp from the pls package. Moreover, LASSO regression was performed using the 

cv.glmnet package with alpha = 1. The best lambda for each response was chosen using the 

minimum error criteria. Lastly, a fixed linear kernel (i.e., svmLinear) was used to build the SVM 

regression models evaluating the cost parameter value with best LOO-R2. Prediction 

performance was measured for all models using the final model with LOO-R2 tuned parameters. 

Supp.MM.Table.2 shows the parameter values evaluated per model at the final stages of results 

reporting. Machine learning implementation codes used in this work are available at GitHub 

(https://github.com/wandaliz/CMaT_TCell_MachineLearning/). DataModeler information can be 

requested at http://www.evolved-analytics.com/. 

 

Supp.MM.Table.2. ML parameter values evaluated and tuned 

ML Model Tuned Parameter Values 

RF ntree=c(500,1000,1500,2000,2500) 

mtry=all possibilities 

GBM interaction.depth=c(1:4) 

n.trees = (1:20)*10 

shrinkage=c(0.1,0.01, 0.02) 

n.minobsinnode=c(2:6) 

bag.fraction=0.5 

CIF mtry=all possibilities  

ntree*=100 

minsplit* = 6 

minbucket* = 3 
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LASSO alpha=1 

lambda=seq(0.001,0.05,by = 0.001) 

PLSR ncomp = 1:15 

SVM svmLinear 

cost=seq(0.05,2,.05) 

 *other values besides the ones shown were optimized manually 

 

Machine Learning Consensus Analysis. All regression methods were executed, and the high-

performing models were used to perform a consensus analysis of the important variables to 

extract potential critical quality attributes and critical process parameters predictive of T-cell 

potency, safety, and consistency at the early stages of the manufacturing process. Consensus 

analysis of the relevant variables extracted from each machine learning model was done to 

identify consistent predictive features of quality at the early stages of manufacturing. First 

importance scores for all features were measured across all ML models using varImp with caret 

R package except for scores for SVM which rminer R package was used. These importance 

scores were percent increase in mean squared error (MSE), relative importance through average 

increase in prediction error when a given predictor is permuted, permuted coefficients values, 

absolute coefficient values, weighted sum of absolute coefficients values, and relative 

importance from sensitivity analysis determined for RF, GBM, CIF, LASSO, PLSR, and SVM, 

respectively. Using these scores, key predictive variables were selected if their importance scores 

were within the 80th percentile ranking for the following ML methods: RF, GBM, CIF, LASSO, 

PLSR, SVM while for SR variables present in >30% of the top-performing SR models from Data 

Modeler (R2≥ 90%, Complexity ≤ 100) were chosen to investigate consensus except for NMR 
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media models at day 4 which were considered a combination of the top-performing results of 

models excluding lactate ppms, and include those variables which were in > 40% of the best 

performing models. Only variables with those high percentile scoring values were evaluated in 

terms of their logical relation (intersection across ML models) and depicted using a Venn 

diagram from the venn R package. 
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