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Abstract

Osteoarthritis is a debilitating disease likely involving altered metabolism of the chondrocytes
in articular cartilage. Chondrocytes can respond metabolically to mechanical loads via cellular
mechanotransduction, and metabolic changes are significant because they produce the pre-
cursors to the tissue matrix necessary for cartilage health. However, a comprehensive under-
standing of how energy metabolism changes with loading remains elusive. To improve our
understanding of chondrocyte mechanotransduction, we developed a computational model
to calculate the rate of reactions (i.e. flux) across multiple components of central energy
metabolism based on experimental data. We calculated average reaction flux profiles of cen-
tral metabolism for SW1353 human chondrocytes subjected to dynamic compression for 30
minutes. The profiles were obtained solving a bounded variable linear least squares problem,
representing the stoichiometry of human central energy metabolism. Compression synchro-
nized chondrocyte energy metabolism. These data are consistent with dynamic compression
inducing early time changes in central energy metabolism geared towards more active protein
synthesis. Furthermore, this analysis demonstrates the utility of combining targeted metabolo-
mic data with a computational model to enable rapid analysis of cellular energy utilization.

Introduction

Osteoarthritis (OA) is the most common joint disorder worldwide and involves the metabolic
dysfunction of chondrocytes found in articular cartilage [1-5]. The National Health and Nutri-
tion Examination Survey I found that 12.1% of the US population aged 25-74 years had OA in
some joint [6]. While joint trauma increases the risk of OA, moderate exercise and associated
mechanical loading are linked to improved joint health [7, 8]. For these reasons, understand-
ing chondrocyte responses to mechanical stimulation can yield insight into the initiation, pro-
gression, and treatment of osteoarthritis.
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Cartilage, a viscoelastic tissue, dissipates energy internally upon cyclical loading. Activities
that deform cartilage, e.g. daily activity [9], have the potential to alter the energy metabolism of
chondrocytes via mechanotransduction. We have previously observed changes in concentra-
tions of central energy metabolites as a result of dynamic compression [10]. Other studies
demonstrate that chondrocytes sense compression and can distinguish between static com-
pression, dynamic compression, and even shear. Long-term chondrocyte mechontransduction
responses (1-24 h) involve the expression of mRNA for extracellular matrix (ECM) and peri-
cellular matrix (PCM) proteins [11, 12].

Cartilage is known to be viscoelastic, indicating that cycles of load (e.g. walking) result in
energy dissipation to the tissue [13]. We hypothesized physiological compression of chondro-
cytes would cause central energy metabolism (Fig 1) to increase production of amino acid pre-
cursors for ECM and PCM proteins as an early-time (<30 min) response. Because early-time
behavior (e.g. metabolic changes) sets the trajectory for longer-term responses (e.g. matrix syn-
thesis), we measured changes in central energy metabolites resulting of dynamic compression
over 0-30 minutes [14].

Here, we apply metabolic flux analysis to quantify fluxes through the individual reactions of
central metabolism. We first construct a stoichiometric matrix that quantitatively accounts for
the catabolism of glucose within glycolysis, the pentose phosphate pathway, and the TCA
cycle. This matrix provides a tool for calculating the individual reaction rates (i.e. fluxes) in
central metabolism based on targeted metabolomic data. This model consists of glycolysis (G),
pyruvate processing into acetyl-CoA (PYP), the tricarboxylic acid cycle (TCA), the pentose
phosphate pathway (PPP), the electron transport chain (ETC), the anaplerotic (AP) reactions,
and lactate (LDH) and (GDH) glutamine dehydrogenases (Fig 1). Stoichiometric modeling
has been used to examine molecular-level phenomena, including cellular phenotypes. Stoi-
chiometric models do not require extensive knowledge of enzyme kinetic parameters, data
that is often very difficult to acquire in vivo. Previous applications of these models examined
physiologies of model systems ranging from viruses, to individual microbial cells, to microbial
communities, to human tissues [15-19].

The model developed in this study allowed us to estimate the allocation of resources such as
glucose and its derivatives. We calculated average flux profiles in response to 0-30 minutes of
physiological loading. Results show a sustained increase in respiration in compressed chon-
drocytes. Upon further compression to 30 minutes, fluxes show increased glycolysis in com-
pressed cells accompanied by depletion of metabolites used in protein synthesis. These data
highlight the importance of energy metabolism in the chondrocyte response to mechanical
loading and suggest protein synthesis as a consequence. To our knowledge, this is the first sys-
tems analysis of chondrocyte energy metabolism in response to compression. By fitting the
stoichiometric model to experimental data [20], we obtain a holistic view of how glucose
metabolism is altered during compression.

Materials and Methods
Chondrocyte compression

In vivo chondrocytes reside within a pericellular matrix composed of type VI collagen and per-
lecan [21] that serves as the primary source for delivering deformational stimuli. Loading
chondrocytes in vitro required encapsulating them in a material that successfully emulates
how cartilage transmits loads. A major challenge to ex vivo studies of chondrocyte mechano-
transduction has been replicating the mechanical stiffness of the PCM (between 25-200 kPa
[22, 23]). Accurately modeling deformations is important as they are known to affect chondro-
cyte biology [24]. For example, the PCM can release FGF2, a fibroblast growth factor, to
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Glucose

Glycolysis
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Fig 1. Mammalian central energy metabolism. Glucose metabolism, including the pentose phosphate pathway,
glycolysis, and the TCA cycle, was modeled as a network using a stoichiometric matrix. Each colored square
represents a biochemical reaction, and each line represents a metabolite. Reversible reactions shown in blue, and
irreversible reactions shown in red. Arrows indicate the direction of irreversible reactions. Anaplerotic reactions that
replenish TCA reactants are represented by hashed squares. The curved arrow indicates the direction of normal
flux in the TCA cycle. Selected metabolites (i.e.glucose, lactate, and glutamine) shown explicitly.

doi:10.1371/journal.pone.0168326.9001

initiate diverse signaling in response to external stimuli [25]. This study used previously pub-
lished data involving SW1353 chondrocytes subjected to compression in agarose of physiologi-
cal stiffness [10, 14]. SW1353 cells were selected because they are a commonly used in
chondrocyte and osteoarthritis research [26-28].

Encapsulated chondrocytes were then divided into experimental groups for 0 (control), 15,
and 30 minutes of compression. Chondrocytes of the experimental groups were exposed to
compression simulating the human gait; namely, sinusoidal compression with 1.1 Hz fre-
quency oscillating between 3.1-6.9% strain. The abundance of targeted metabolites in samples
was measured using LC-MS and has been previously published [8]. Here, we updated these
methods by performing the chromatography with a HILIC column that enabled detection of
additional relevant metabolites such as lactate (Fig 2).

Metabolic flux analysis

Abundance measurements can be used to estimate the accumulation rate A; of a metabolite i
by

P
1 tl_t()

(1)

where a;,a, are the average of the abundance samples taken at time t;,t, respectively. If the
sample size is small the median can be used to curtail the influence of outliers. This was the
case for our study, where the sample size was n =4 or 5.

Given a vector of accumulation rates for all metabolites in the network (A), the average
reaction fluxes (v) from f, to t; can be calculated by solving the system

Sv=14 (2)

for v, where S is the stoichiometric matrix for chondrocyte central metabolism.

A system with a unique solution will have a stoichiometric matrix of full rank. Most biologi-
cal models are rank-deficient, with an infinite number of solutions if the problem is feasible
[29].
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Fig 2. Median metabolite LC-MS intensities over time and experimental group. Colors indicate sample time, from left to
right in the group 0,15, and 30 minutes. Superscript numbers indicate the probability of no difference between population
means is less than or equal to p = 0.15, as calculated by ANOVA. P-values for all metabolites are found in the supplementary
material (S2). All intensities scaled by 0.001 for ease of display.

doi:10.1371/journal.pone.0168326.g002

To find a unique solution representing empirically calculated fluxes for a given experiment,
we measure metabolite consumption and accumulation rates during the experiment to
account for some of the unknown fluxes. This can make the system determined and therefore
uniquely solvable. It is typical to assume all internal metabolites have a zero accumulation
inside the cell (A = 0) [30].

We opted for Eq 1 as a best estimate because ANOVA, using duration of compression as a
factor f, showed a likely change in concentration (p < 0.15) in 10 of the 45 metabolites mea-
sured [S2]. This may be expected for chondrocytes undergoing a metabolic shift.

Solutions to Eq 2 may include negative fluxes for reactions thermodynamically feasible only
in the forward direction. A bounded variable least squares problem (BVLS) approximates v
while respecting thermodynamic constraints. The problem objective is minimizing the resid-
ual magnitude over v

min, [|Sv — 4[|, (3)

with constraints on v to enforce a positive flux for irreversible reactions. This is expressed as
linear inequalities v; > 0 where v; is the flux of an irreversible reaction i.

To account for measurement uncertainty, we weight each element of the residual according
to the variance of the corresponding metabolite accumulation. The variance of the accumulation
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of a single metabolite i (0;) is computed from the variances of the two samples used to calculate
it (Eq 1). We estimate the variance of the difference in means between two samples with unequal
variances with an established method [31]

2 2
=142 (4)
ny My

where sy, 1 are the standard deviation and size of sample k. The weight of metabolite 7 (w;) is the
reciprocal of the variance

w, =0, (5)

To apply weight w;, row S; and A; are both multiplied by w;. The resulting vector and matrix
are both used to formulate the BVLS. We opted to solve the BVLS with an interior point
method since this converges within polynomial time.

Stoichiometric matrix construction

The reactions of central metabolism were encoded in a stoichiometric matrix [S1 Table] that
was then adapted to the targeted metabolite data. The stoichiometric matrix is defined from
established biochemistry in mammalian cells based on the input of a single molecule of glucose
[32]. Calculating the accumulation of some metabolites was technically infeasible, either because
the analytes were not detectable using positive-mode LC-MS (e.g. cytochrome, H+), or because
the concentration in the media was so high the random difference between samples would likely
be much larger than any change in cell activity would induce (e.g. glucose).

To find the exact solutions, we modified the full network to preserve pathways while using
only measurable metabolites. Unmeasurable internal metabolite fluxes were constrained to
be zero to preserve pathways while allowing reactions that involve measurable metabolites to
balance the observed changes in abundance. Unmeasurable external metabolites were not
included as they cannot reasonably be constrained to a value [S3 Table]. Of these, we make an
exception for the unmeasurable ETC metabolites. Reduced and oxidized forms of ubiquinone,
as well as the protons involved in the proton gradient across the mitochondrial inner mem-
brane were the only unmeasurable metabolites included. These metabolites are all contained
within the mitochondrial membrane and associated proteins, and the cell will tolerate very lit-
tle change in their relative concentrations between reduced and oxidized forms [32]. The pro-
tons are not bound to the membrane or associated enzymes. In a close to neutral environment
such as these in vitro data, most of this proton gradient contributes to a potential difference (as
opposed to a pH gradient) Because the cell tolerates very little change in this reductive poten-
tial, the accumulation of these metabolites was assumed to be 0. The residuals for these metab-
olites were, however, given the lowest weight. The resulting matrix [S3 Table] had dimensions
48 by 39 (rank 39).

Finally, we use a synthesis reaction to account for central energy metabolites consumed as
substrates in the production of PCM proteins. The proteins investigated were type II collagen,
type VI collagen, and aggrecan; albumin and lipid were used as negative controls, since neither
was expected to be produced by chondrocytes in substantial quantities. We focused on 3-phos-
phoglycerate, pyruvate, a-ketoglutarate, and oxaloacetate as designated precursors for pro-
teins, and acetyl-CoA for lipids. Synthesis reactions are represented by a column with negative
coefficients for the rows of precursor metabolites and zeros in all other rows [S1 Code]. The
coefficients represent the ratiometric amount of each precursor consumed by the reaction to
synthesize a single unit of its product. They were calculated from the amino acid sequence for
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each protein. We solved for fluxes with each of the six different synthesis reactions to find
which synthesis reaction fit the data best.

Exemplary flux vectors

Flux vectors that maximize flux through the synthesis reaction were calculated. These exem-
plary profiles represent metabolism that is mathematically optimized toward synthesis of a
particular product and served as a point of reference for the experimental flux vectors. They
are encoded as the solution to a linear program

min,c’v (6)
s.t.Sv=0 (7)
Av >0 (8)
r<1 )

where c is a vector of all zeroes except for a coefficient of -1 at the synthesis reaction index. The
first constraint was added to ensure the solution consists of feasible pathways. S; is the subma-
trix of S that consists of rows corresponding to internal metabolites. Internal metabolites serve
as pathway intermediates from input to output metabolites, and, as such, their net accumula-
tion is zero when the network is at steady state. The accumulations for external metabolites (e.
g glucose) are unconstrained as they are substrates or products of the network as a whole and
are therefore not balanced internally [S6 Table]. Irreversibility constraints are encoded in the
matrix A, where a;; = 1 only if i = j and v; is irreversible; all other elements are 0. Since the pro-
gram is otherwise unbounded the final constraint limits the maximum flux of any reaction in v
to 1.

Analysis of these exemplary profiles showed protein synthesis profiles were all similar. All
proteins, including the generic negative control protein albumin, require the same precursors
from central metabolism. However, the differing proportions were not different enough based
on variations in the amino acid sequence to allow conclusive protein identification using
exclusively central metabolism data [S1 Code, S6 Table]. Our hypothesis therefore only pre-
dicts compressed chondrocytes showing features common among profiles for protein synthe-
sis, as the model is useful in identifying these in contrast to synthesis of other biological
products, such as lipids (Fig 3).

Metabolic features of protein synthesis include high activity for glycolysis and the pentose
phosphate pathways, and an uneven distribution of flux in the TCA cycle and glycolysis. The
unevenness is caused by the loss of some intermediates as protein substrates. In glycolysis,
3-phosphoglycerate and pyruvate serve as precursors, while in the TCA cycle the precursors
are oxaloacetate and and a-ketoglutarate. Both glycolysis and the TCA cycle show higher activ-
ity in the reactions before the precursors compared to the reactions after them. In contrast,
lipid synthesis optimizes production of acetyl-CoA by maximizing flux through pyruvate pro-
cessing; flux through glycolysis is also maximized to provide enough pyruvate for conversion.
This is complemented by flux through the TCA cycle to generate the HSCoA consumed in ace-
tyl-CoA synthesis. Since all metabolites used in these pathways are balanced except for acetyl-
CoA, glycolysis and TCA flux distributions are more even.
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Fig 3. Hypothesis-based predicted flux profiles, v*. Flux profiles were predicted in silico using optimization to maximize production of (A) type Il collagen
and (B) lipid synthesis. Reactions are represented by labeled boxes connected to substrates by incoming dark gray arrows and to products by outgoing dark
gray arrows. Reaction fluxes are represented by arrows colored to match either positive (blue) or negative (yellow) flux. Larger arrows represent larger flux
with linear scaling. Negative flux indicates a reversible reaction running in the direction opposite to its description in the stoichiometric matrix. Electron
transport chain and synthesis reactions not shown for figure simplicity.

doi:10.1371/journal.pone.0168326.g003

Results

Chondrocytes under compression seem to have distinct behavior in the first and second peri-
ods. After 30 minutes of compression, chondrocyte metabolomics profiles are also more simi-
lar to each other than to the other samples from another time, in contrast to the 15 and 0
minute samples. (Fig 4) This partially confirms our early-time hypothesis to the extent that
compression has a measurable effect on chondrocytes in the short term. This was confirmed
by the calculated flux vectors, which show a shift in metabolism occurs. Varying product syn-
thesis reactions did not change the observed trends, even when using the lipid synthesis reac-
tion [S5 Table]. This is especially true for the fluxes of the second 15 minute period, where the
maximum distance between two vectors computed with differing synthesis reactions was less
than 1% of the norm of the smaller vector. This may be due to a number of factors, such as the
precursor metabolites receiving lower weight (except for 3PG, which tended to weight in the
top half), or it may be indicative that no single profile dominated metabolism. For conciseness
we show the visualization of fluxes calculated using the synthesis reaction for collagen type II
(Fig 3) with the understanding that the figures for other synthesis reactions are similar.
During the first 15 minutes, compressed chondrocytes showed higher glycolysis and pen-
tose phosphate flux than flux through the TCA cycle (Fig 5). During the second period, they
showed an increase in TCA cycle flux, as well as increases in the pentose phosphate and
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doi:10.1371/journal.pone.0168326.9004

glycolytic flux, though the increase was not uniform throughout the pathways. (Fig 6) There is
areversal in several glycolytic reactions, along with the pentose phosphate pathway reactions
that interact with them. Glyceraldehyde-3-phosphate (G3P) links the two pathways. This
metabolite increases during the first 15 minutes and subsequently decreases. This link is
important since, as glyceraldehyde-3- phosphate dehydrogenase (GAPDH) can be upregulated
by oxidative stress, which mechanical stimulation induces in chondrocytes, as elaborated in
the Discussion section. This stress, as observed in our own computed fluxes, also affects the
pentose-phosphate pathways. Finally, there is a persistent negative flux in the TCA cycle reac-
tions between oxaloacetate and fumarate, though they follow the trend of increased magnitude
in the second period.

To assess the variability of the fluxes, we conducted a sensitivity analysis. We created
100000 randomized data sets and compared the resulting fluxes to our original fluxes. The ran-
domized sets were created by estimating the standard deviation of each sample for a given
time and metabolite. This was used to compute the 95% confidence interval for the metabolite
intensity. Normally distributed values within this 95% confidence interval were chosen as mea-
surements. The fluxes were then solved as described above. To compare these randomized
fluxes to our originals, we used the correlation as a similarity metric. Briefly, correlation is a
scale-less metric with values from -1 (for opposite vectors) to (1 (equal vectors). A value of 0
can be interpreted as having no correlation. The histogram of correlation values shows that
most of the randomized vectors had a high correlation (> 0.5). (Fig 7).

We also explored the relationship between metabolites and reactions. In this instance, we
calculated the correlation between accumulation and resulting flux. We used the resulting cor-
relation to cluster the reactions into groups that react similarly to changes in metabolite
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o @
@ : PLOS | ONE Combining Metabolomic Data with a Stoichiometric Model of Energy Metabolism

(A) vCO,15
» GaP_ ADP ATP ADP TP NAD NADH- it Tsocit
Gl GoP- >G2: F6P- G3- FL6P- G DHAP- G5 G- 1.3BPG- GT- »3PG: G- PG >GY- PEP- G0 PYP——> Ace-CoA TCA1 TCA4
TCAS ——Suc TCAT, NADPH NADP
FADH2 X GpP
(B) vC15,30
. G3P. ADP ATP ADP ATP  NAD NADE- Cit Tsocit
G1 GOP- G2 Fop-~ G3- FL6P- Gt DHAP- G5 " G- 1.3BPG- GT PG Gs- 2PG GY- PEP- ~G10 PYP- Ace-CoA TCAL TCA4
ATP, ADP At
NAD X #
NADPH NADP Fum Sue-CoA GDH2
NADH , 5

Fig 5. Experimentally-derived flux profiles for compressed chondrocytes display both similarities and differences to hypothetical predictions.
Fluxes calculated for compressed cells for time intervals (A) 0 to 15 min. and (B) 15 to 30 min using the collagen synthesis reaction as described in the text.
Similarities (in comparison to predictions in Fig 3A) include large relative fluxes in G1-3 and TCA1-3. Differences include small negative fluxes as discussed in
the manuscript. Reactions are represented by labeled boxes connected to substrates by incoming dark gray arrows and to products by outgoing dark gray
arrows. Reaction fluxes are represented by arrows colored to match either positive (blue) or negative (yellow) flux. Larger arrows represent larger flux with
linear scaling. Negative flux indicates a reversible reaction running in the direction opposite to the direction specified in the stoichiometric matrix. Electron
transport chain and synthesis reactions not shown for figure simplicity.
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sensitivity analysis. Histogram of correlation values for 10000 randomized data sets compared with the empirical
flux calculated for the unperturbed dataset. Each randomized data set yielded three randomized flux vectors which
were then compared to the corresponding empirical flux vector calculated from the raw data.
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accumulations. We also clustered metabolites into groups that had similar effects on reaction
fluxes. Both reactions and metabolites split into two groups. (Fig 8) The first group of reactions
is composed mainly by the central pathways: glycolysis, TCA, and PPP reactions. The second
contains most of the reactions that deal with external (no required to be balanced) metabolites:
ETC, AP, the synthesis reaction, though it includes a few PPP and TCA reactions. This group
correlates positively with a subset of the sugars in PPP. On the other hand, the main pathway
metabolites correlate positively with the other, main pathway group. Interestingly, ATP corre-
lates positively with the main metabolite group and ADP with the fringe group, possibly indi-
cating two main reaction groups: ATP synthesis reactions and a profile, as observed in the data
and described further in the Discussion, associated with reducing damage by ROS.

Discussion

Calculating fluxes from experimental metabolomic data from compressed and uncompressed
chondrocytes allows us to explore the short-term effects of an in vitro model of moderate exer-
cise. We predicted features for flux profiles of chondrocytes undergoing protein synthesis
using linear programming. While compressed chondrocytes showed some of these features,
negative fluxes evinced metabolic shifts not accounted for by our hypotheses. The calculated
fluxes captured behavior not predicted by the hypotheses generated in our linear programs,
but upon further investigation proved these fluxes to be associated with metabolic behavior
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doi:10.1371/journal.pone.0168326.g008

observed in SW1353 chondrosarcoma. This is, to our knowledge, is the first description in
terms of reaction fluxes of chondrocyte response to exercise.

In this section we discuss possible causes for the negative fluxes as well as evidence of pro-
tein synthesis and other metabolic profiles by examining changes in metabolites (Fig 2), with
significance values from two-way ANOVA [S2 Table], and applying known chondrocyte biol-
ogy. During the first 15 minutes, compressed chondrocytes show metabolism geared toward
glycolytic activity. Chondrocytes synthesize ATP primarily via glycolysis, and the high flux
through glycolysis is consistent dovetails with the observed increase in the ratio of ATP to
ADP. Thus, both AC0,15 and vC0,15 demonstrate substantial glycolytic ATP production, con-
sistent with prior literature [33, 34]. This interpretation is supported by the experimental
methods which included a tissue culture environment containing 4.5 g/L of glucose and by
prior studies finding that cancer cells exhibit high glycolytic metabolism [35].

Metabolomic data also suggests compression initially induces higher TCA cycle activity as
observed in vC0,15 and to a greater degree in v15,30 First, we observe that NADH, produced
primarily in the TCA cycle, accumulates in ACO0,15. The increase in the second period is cor-
roborated by the depletion of citrate and cis-aconitate. Though higher intermediate volume is
necessary for higher flux through a pathway, it is likely that these metabolites are not replen-
ished as TCA cycle intermediates, e.g. AKG and OAA, are consumed as precursors to biomole-
cules, as previously discussed. In AC15,30 all four of the metabolites we identified as
precursors (AKG,0AA,PYR,3PG) decrease in abundance. Alternatively, they chondrocytes
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may be engaged in higher respiration. There is some evidence for this occurring during the
first 15 minutes of compression. Namely, a decrease in ADP levels coupled with a slight
increase in NADH, as previously mentioned. Though high flux through the TCA cycle is
unusual in chondrocytes, they are known to supplement ATP production through respiration
under nutrient stress and mechanical loading [36-39]. Our analysis suggests compression may
trigger the TCA cycle in an in vitro environment containing atmospheric oxygen levels, possi-
bly for increased ATP synthesis, or for synthesis of pathway intermediates.

Coupled with an increase in TCA flux, both the pentose phosphate pathway and glycolysis
experience an increase in the magnitude of their fluxes, though some of these fluxes reverse.
As mentioned previously, the reactions that link to glyceraldehyde-3-phosphate (G3P) are the
ones affected. Previous research has established a link between mammalian chondrocytes and
the release of reactive oxygen species (ROS) by mitochondria as caused by mechanical stimula-
tion [20]. A common mechanism is the upregulation of the pentose phosphate pathway to syn-
thesize NADPH; this enables, among other things, the recycling of glutathione. [40] This is
accompanied by a downregulation of GAPDH, or G6 in our model. As the consumption of
G3P via G6 becomes impaired, the reversal of PPP observed is consistent with cancerous pro-
liferation: namely, ribose-5-phosphate used as a precursor to nucleotides [41]

An explanation for negative TCA9-10 flux in vC0,15 and vC15,30 comes from examining
the NAD+ and NADH. The reactants of TCA9-10, respectively l-malate and oxaloacetate, have
high variances (moreover, NADH and NAD+ low variances) and are therefore weighted
lower. Since forward flux through the TCA cycle consumes NAD+ and produces NADH, in
silico reversal of TCA9-10 would balance the NADH and NAD+ at a lower cost in the residual
than reversing other reactions. It should be noted, however, that since the Gibbs free energy is
positive for forward activity of malate dehydrogenase, a reverse flux in vivo is not unrealistic
[32]. In vivo, the ETC oxidizes NADH, producing NAD+, but its flux was low across all calcu-
lated profiles. This is consistent with the higher inhibition of ETC activity observed in cells
with mutant isocitrate dehydrogenase (IDH), a common mutation in chondrosarcoma [42].
This strongly supports the utility of this stoichiometric model the flux balance analysis
approach used in this study

Though pathway fluxes are generally consistent, exceptions show that our methodology
may benefit by expanding our current model of chondrocyte central energy metabolism,
larger sample sizes, and continuing our research on primary chondrocyte data instead of
the SW1353 line currently used. Negative fluxes in TCA2-4 and TCA9-10 may have been
caused by pathways active in chondrosarcoma not included in our chondrocyte model. As
mentioned, the ETC presents low flux. However, NAD+ increases in AC0,15. These may
cause negative fluxes in TCA2-4. This is consistent with chondrosarcoma abnormalities,
specifically mutations in either IDHI (cytosolic) or IDH2 (mitochondrial). IDH catalyzes
the transformation of isocitrate to o-ketoglutarate and is responsive to NADP+ and isoci-
trate concentration [43]. NADP+ increases in abundance during the first fifteen minute
interval. This may trigger IDH in that interval. However, the abundance of o-ketoglutarate
does not increase significantly in the second interval as a result, and actually decreases. the
uncompressed group. Mutant IDH consume o-ketoglutarate to produce (D)-2-hydroxyglu-
tarate, and may be the reason o-ketoglutarate fails to accumulate significantly. SW1353 are
known to have mutant IDH2 [44]. Mutant IDH2 regenerate NADP+ when generating (D)-
2-hydroxyglutarate, however, implying some other process was keeping mitochondrial
NADP+ from accumulating in the second time interval. In light of the peculiarities of
SW1353 metabolism, future studies will utilize primary chondrocytes.

While metabolic flux analysis is a powerful tool to incorporate all abundance measurements
simultaneously, the small sample size (n = 5) and computational techniques used for this study
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did not allow a conclusive answer to the question of whether production of specific proteins
(e.g. type II collagen) could be detected following compression. This limitation results from
biochemical fundamentals: single metabolites (e.g. 3-phosphoglycerate) are precursors to mul-
tiple amino acids, rendering non-unique mappings from specific metabolite fluxes to primary
amino acid sequences. The current study allows us to describe metabolic trends; our future
work will include an enlarged model and sample sizes to allow for more specific conclusions.
Furthermore, SW1353 chondrocytes stem from chondrosarcoma tumor tissue. Cancer cells
often have altered metabolism including substantially upregulated glycolysis [35]. Expansion
of these methods to primary cells will provide further insight into chondrocyte glycolysis in
osteoarthritic and normal chondrocytes.

Using metabolic flux analysis we have calculated reaction activities which correspond to
observed disturbances in metabolite abundance. Using a bounded variable least squares prob-
lem allows us to consider all metabolic data simultaneously and objectively, while weighting
data according to its reliability. SW1353 chondroctyes respond to compression by initially
increasing both glycolysis and respiration and then subsequently lowering the flux through
these pathways, consistent with protein synthesis and mechanotransduction. Future work uti-
lizing additional data and an expanded model is planned.

Supporting Information

S1 Table. Stoichiometric matrix of central energy metabolism. The network consists of gly-
colysis, the TCA cyle, pentose phosphate pathway, electron transport chain, anaplerotic reac-
tions, and transformation of pyruvate into acetyl-CoA. This file represents this network as a
matrix with 38 columns representing the reactions and 52 rows representing the individual
metabolites.

(XLSX)

$2 Table. ANOVA examining the effects of compression time on metabolite abundance.
Samples taken at 15 and 30 minutes. The table shows the P-values for the null hypothesis when
analyzed by two-factor ANOVA.

(XLSX)

$3 Table. Stoichiometric matrix after modification to accommodate data. The original stoi-
chiometric matrix in S1 was reduced to include only the reactions that transformed known,
measurable metabolites to other known, measurable metabolites.

(XLSX)

S1 Code. Precursor ratios used in synthesis reactions examining cartilage matrix synthesis.
An explanation of the rationale for choosing precursors for collagen, aggrecan, lipids and albu-
min is given accompanied by the code used to compute the precursors.

(Z1P)

$4 Table. Fluxes calculated from experimental data. Fluxes calculated using each of the bio-
synthesis reactions (e.g. type II collagen). Also included are the fluxes calculated without a bio-
synthesis reaction in the matrix.

(XLSX)

S5 Table. A list of internal and external metabolites. This list details which of the measurable
and constrained metabolites were classified as internal or external to the network, along with a
short rationale for each.

(XLSX)
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S6 Table. Fluxes maximizing synthesis reaction flux. Fluxes calculated by solving a linear
program for maximal for type II, VI collagen, aggrecan, albumin, and lipid biosynthesis using
a stoichiometric matrix as constraints.

(XLSX)

S1 Fig. Fluxes calculated with no biosynthesis reaction. The fluxes were calculated using a
stoichiometric matrix that did not include a biosynthesis reaction. Fluxes calculated for time
intervals (A) 0 to 15 min. and (B) 15 to 30 min. for compressed and uncompressed cells. Also
included are fluxes calculated for (C) compressed cells for time interval 0 to 30 min. Reactions
are represented by labeled boxes connected to substrates by incoming dark gray arrows and to
products by outgoing dark gray arrows. Reaction fluxes are represented by arrows colored to
match either positive (blue) or negative (yellow) flux. Larger arrows represent larger flux with
linear scaling. Negative flux indicates a reversible reaction running in the direction opposite to
the direction specified in the stoichiometric matrix. Electron transport chain and synthesis
reactions not shown for simplicity.

(TIF)

S2 Fig. LC-MS data for chondrocytes in response to 0-30 minutes of compression. Intensity
values from LC-MS analysis of targeted metabolites for central energy metabolism. Note that
these values were thresholded as described in the text prior to flux calculations.

(TIF)

Acknowledgments

The authors acknowledge helpful code provided by Aurelien Mazurie, Ph.D. for plotting the
network results based on https://github.com/ajmazurie/kegg-animate-pathway. Funding was
provided by Montana State University, NSF 1342420 and 1554708, and NIH
P20GM10339405S1.

Author Contributions

Conceptualization: RK] RPC.

Formal analysis: RK] RPC DS BMM.

Funding acquisition: RK].

Methodology: RK] RPC DS BMM.

Software: DS.

Validation: DS CNM.

Visualization: DS.

Writing - original draft: RK] RPC DS CAM BMM.
Writing - review & editing: RK] RPC DS CNM BMM.

References

1. Felson DT, Lawrence RC, Dieppe PA, Hirsch R, Helmick CG, Jordan JM, et al. Osteoarthritis: new
insights. Part 1: the disease and its risk factors. Annals of internal medicine. 2000; 133(8):635—46.
PMID: 11033593

PLOS ONE | DOI:10.1371/journal.pone.0168326 January 5, 2017 14/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0168326.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0168326.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0168326.s009
https://github.com/ajmazurie/kegg-animate-pathway
http://www.ncbi.nlm.nih.gov/pubmed/11033593

@° PLOS | ONE

Combining Metabolomic Data with a Stoichiometric Model of Energy Metabolism

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

Lawrence RC, Felson DT, Helmick CG, Arnold LM, Choi H, Deyo RA, et al. Estimates of the prevalence
of arthritis and other rheumatic conditions in the United States: Part Il. Arthritis & Rheumatism. 2008; 58
(1):26-35.

Zhang Y, Jordan JM. Epidemiology of osteoarthritis. Clinics in geriatric medicine. 2010; 26(3):355—69.
doi: 10.1016/j.cger.2010.03.001 PMID: 20699159

Seol D, McCabe DJ, Choe H, Zheng H, Yu Y, Jang K, et al. Chondrogenic progenitor cells respond to
cartilage injury. Arthritis & Rheumatism. 2012; 64(11):3626-37.

Coleman MC, Ramakrishnan PS, Brouillette MJ, Martin JA. Injurious Loading of Articular Cartilage
Compromises Chondrocyte Respiratory Function. Arthritis & Rheumatology. 2016; 68(3):662—71.

Johnson VL, Hunter DJ. The epidemiology of osteoarthritis. Best Practice & Research Clinical Rheuma-
tology. 2014; 28(1):5-15.

Buckwalter JA, Anderson DD, Brown TD, Tochigi Y, Martin JA. The Roles of Mechanical Stresses in the
Pathogenesis of Osteoarthritis: Implications for Treatment of Joint Injuries. Cartilage. 2013; 4(4):286—
94. PubMed Central PMCID: PMCPMC4109888. doi: 10.1177/1947603513495889 PMID: 25067995

Willick SE, Hansen PA. Running and Osteoarthritis. Clinics in Sports Medicine. 29(3):417-28. doi: 10.
1016/j.csm.2010.03.006 PMID: 20610030

Carter TE, Taylor KA, Spritzer CE, Utturkar GM, Taylor DC, Moorman CT, 3rd, et al. In vivo cartilage
strain increases following medial meniscal tear and correlates with synovial fluid matrix metalloprotei-
nase activity. J Biomech. 2015; 48(8):1461-8. PubMed Central PMCID: PMCPMC4558182. doi: 10.
1016/j.jbiomech.2015.02.030 PMID: 25801424

Jutila AA, Zignego DL, Schell WJ, June RK. Encapsulation of Chondrocytes in High-Stiffness Agarose
Microenvironments for In Vitro Modeling of Osteoarthritis Mechanotransduction. Annals of biomedical
engineering. 2015; 43(5):1132—44. doi: 10.1007/s10439-014-1183-5 PMID: 25395215

Fitzgerald JB, Jin M, Dean D, Wood DJ, Zheng MH, Grodzinsky AJ. Mechanical compression of carti-
lage explants induces multiple time-dependent gene expression patterns and involves intracellular cal-
cium and cyclic AMP. Journal of Biological Chemistry. 2004; 279(19):19502—11. doi: 10.1074/jbc.
M400437200 PMID: 14960571

Fitzgerald JB, Jin M, Grodzinsky AJ. Shear and compression differentially regulate clusters of function-
ally related temporal transcription patterns in cartilage tissue. Journal of Biological Chemistry. 2006;
281(34):24095-1083. doi: 10.1074/jbc.M510858200 PMID: 16782710

Hayes WC, Bodine AJ. Flow-independent viscoelastic properties of articular cartilage matrix. J Bio-
mech. 1978; 11(8-9):407—-19. PMID: 213441

Jutila AA, Zignego DL, Hwang BK, Hilmer JK, Hamerly T, Minor CA, et al. Candidate mediators of chon-
drocyte mechanotransduction via targeted and untargeted metabolomic measurements. Archives of
biochemistry and biophysics. 2014; 545:116-23. Epub 2014/01/21. PubMed Central PMCID:
PMC3967962. doi: 10.1016/j.abb.2014.01.011 PMID: 24440608

Klamt S, Stelling J. Two approaches for metabolic pathway analysis? Trends Biotechnol. 2003; 21
(2):64-9. PMID: 12573854

Orth JD, Thiele I, Palsson BO. What is flux balance analysis? Nat Biotechnol. 2010; 28(3):245-8.
PubMed Central PMCID: PMCPMC3108565. doi: 10.1038/nbt.1614 PMID: 20212490

Reed JL, Palsson BO. Thirteen years of building constraint-based in silico models of Escherichia coli. J
Bacteriol. 2003; 185(9):2692-9. PubMed Central PMCID: PMCPMC154396. doi: 10.1128/JB.185.9.
2692-2699.2003 PMID: 12700248

Taffs R, Aston JE, Brileya K, Jay Z, Klatt CG, McGlynn S, et al. In silico approaches to study mass and
energy flows in microbial consortia: a syntrophic case study. BMC Syst Biol. 2009; 3:114. PubMed Cen-
tral PMCID: PMCPMC2799449. doi: 10.1186/1752-0509-3-114 PMID: 20003240

Trinh CT, Wlaschin A, Srienc F. Elementary mode analysis: a useful metabolic pathway analysis tool for
characterizing cellular metabolism. Appl Microbiol Biotechnol. 2009; 81(5):813—-26. PubMed Central
PMCID: PMCPMC2909134. doi: 10.1007/s00253-008-1770-1 PMID: 19015845

Jutila AA, Zignego DL, Hwang BK, Hilmer JK, Hamerly T, Minor CA, et al. Candidate mediators of chon-
drocyte mechanotransduction via targeted and untargeted metabolomic measurements. Archives of
biochemistry and biophysics. 2014; 545:116-23. doi: 10.1016/j.abb.2014.01.011 PMID: 24440608

Zelenski NA, Leddy HA, Sanchez-Adams J, Zhang J, Bonaldo P, Liedtke W, et al. Type VI Collagen
Regulates Pericellular Matrix Properties, Chondrocyte Swelling, and Mechanotransduction in Mouse
Articular Cartilage. Arthritis & Rheumatology. 2015; 67(5):1286—94.

Guilak F, Alexopoulos LG, Haider MA, Ting-Beall HP, Setton LA. Zonal uniformity in mechanical proper-
ties of the chondrocyte pericellular matrix: micropipette aspiration of canine chondrons isolated by carti-
lage homogenization. Annals of biomedical engineering. 2005; 33(10):1312-8. doi: 10.1007/s10439-
005-4479-7 PMID: 16240080

PLOS ONE | DOI:10.1371/journal.pone.0168326 January 5, 2017 15/16


http://dx.doi.org/10.1016/j.cger.2010.03.001
http://www.ncbi.nlm.nih.gov/pubmed/20699159
http://dx.doi.org/10.1177/1947603513495889
http://www.ncbi.nlm.nih.gov/pubmed/25067995
http://dx.doi.org/10.1016/j.csm.2010.03.006
http://dx.doi.org/10.1016/j.csm.2010.03.006
http://www.ncbi.nlm.nih.gov/pubmed/20610030
http://dx.doi.org/10.1016/j.jbiomech.2015.02.030
http://dx.doi.org/10.1016/j.jbiomech.2015.02.030
http://www.ncbi.nlm.nih.gov/pubmed/25801424
http://dx.doi.org/10.1007/s10439-014-1183-5
http://www.ncbi.nlm.nih.gov/pubmed/25395215
http://dx.doi.org/10.1074/jbc.M400437200
http://dx.doi.org/10.1074/jbc.M400437200
http://www.ncbi.nlm.nih.gov/pubmed/14960571
http://dx.doi.org/10.1074/jbc.M510858200
http://www.ncbi.nlm.nih.gov/pubmed/16782710
http://www.ncbi.nlm.nih.gov/pubmed/213441
http://dx.doi.org/10.1016/j.abb.2014.01.011
http://www.ncbi.nlm.nih.gov/pubmed/24440608
http://www.ncbi.nlm.nih.gov/pubmed/12573854
http://dx.doi.org/10.1038/nbt.1614
http://www.ncbi.nlm.nih.gov/pubmed/20212490
http://dx.doi.org/10.1128/JB.185.9.2692-2699.2003
http://dx.doi.org/10.1128/JB.185.9.2692-2699.2003
http://www.ncbi.nlm.nih.gov/pubmed/12700248
http://dx.doi.org/10.1186/1752-0509-3-114
http://www.ncbi.nlm.nih.gov/pubmed/20003240
http://dx.doi.org/10.1007/s00253-008-1770-1
http://www.ncbi.nlm.nih.gov/pubmed/19015845
http://dx.doi.org/10.1016/j.abb.2014.01.011
http://www.ncbi.nlm.nih.gov/pubmed/24440608
http://dx.doi.org/10.1007/s10439-005-4479-7
http://dx.doi.org/10.1007/s10439-005-4479-7
http://www.ncbi.nlm.nih.gov/pubmed/16240080

@° PLOS | ONE

Combining Metabolomic Data with a Stoichiometric Model of Energy Metabolism

23.

24,

25.

26.

27.

28.

29.
30.

31.
32.
33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

Darling EM, Wilusz RE, Bolognesi MP, Zauscher S, Guilak F. Spatial mapping of the biomechanical
properties of the pericellular matrix of articular cartilage measured in situ via atomic force microscopy.
Biophysical journal. 2010; 98(12):2848-56. doi: 10.1016/j.bpj.2010.03.037 PMID: 20550897

BMJ, RP S, WV M, SEE, JBJ, MT O, et al. Strain-Dependent Oxidant Release in Articular Cartilage
Originates from Mitochondria. Biomechanics and modeling in mechanobiology. 2014; 13(3):565-72.
doi: 10.1007/s10237-013-0518-8 PMID: 23896937

Vincent T, McLean C, Full L, Peston D, Saklatvala J. FGF-2 is bound to perlecan in the pericellular
matrix of articular cartilage, where it acts as a chondrocyte mechanotransducer. Osteoarthritis and Car-
tilage. 2007; 15(7):752—63. doi: 10.1016/j.joca.2007.01.021 PMID: 17368052

McDermott BT, Ellis S, Bou-Gharios G, Clegg PD, Tew SR. RNA binding proteins regulate anabolic and
catabolic gene expression in chondrocytes. Osteoarthritis Cartilage. 2016.

Cheng NT, Guo A, Meng H. The protective role of autophagy in experimental osteoarthritis, and the
therapeutic effects of Torin 1 on osteoarthritis by activating autophagy. BMC Musculoskelet Disord.
2016; 17(1):150. PubMed Central PMCID: PMCPMC4823842.

Snelling SJ, Davidson RK, Swingler TE, Le LT, Barter MJ, Culley KL, et al. Dickkopf-3 is upregulated in
osteoarthritis and has a chondroprotective role. Osteoarthritis Cartilage. 2016; 24(5):883-91. doi: 10.
1016/j.joca.2015.11.021 PMID: 26687825

Anton H. Elementary Linear Algebra with Applications: John Wiley & Sons; 2010.

Stephanopoulos G, Aristidou AA, Nielsen J. Metabolic engineering: principles and methodologies: Aca-
demic press; 1998.

Walpole R. Introduction to Statistics Macmillan. New York. 1974;340.
Nelson DL, Lehninger AL, Cox MM. Lehninger principles of biochemistry: Macmillan; 2008.

Ruiz-Romero C, Lopez-Armada M, Blanco F. Mitochondrial proteomic characterization of human nor-
mal articular chondrocytes. Osteoarthritis and cartilage. 2006; 14(6):507—-18. doi: 10.1016/j.joca.2005.
12.004 PMID: 16520066

Ruiz-Romero C, Carreira V, Rego |, Remeseiro S, Lépez-Armada MJ, Blanco FJ. Proteomic analysis of
human osteoarthritic chondrocytes reveals protein changes in stress and glycolysis. Proteomics. 2008;
8(3):495-507. doi: 10.1002/pmic.200700249 PMID: 18186017

Ward PS, Thompson CB. Metabolic reprogramming: a cancer hallmark even warburg did not anticipate.
Cancer Cell. 2012; 21(3):297-308. PubMed Central PMCID: PMCPMC3311998. doi: 10.1016/j.ccr.
2012.02.014 PMID: 22439925

Brouillette MJ, Ramakrishnan PS, Wagner VM, Sauter EE, Journot BJ, McKinley TO, et al. Strain-
dependent oxidant release in articular cartilage originates from mitochondria. Biomech Model Mechano-
biol. 2014; 13(3):565—72. PubMed Central PMCID: PMCPMC3940668. doi: 10.1007/s10237-013-
0518-8 PMID: 23896937

Coleman MC, Ramakrishnan PS, Brouillette MJ, Martin JA. Injurious Loading of Articular Cartilage
Compromises Chondrocyte Respiratory Function. Arthritis Rheumatol. 2016; 68(3):662—71. PubMed
Central PMCID: PMCPMC4767543. doi: 10.1002/art.39460 PMID: 26473613

Lane RS, Fu Y, Matsuzaki S, Kinter M, Humphries KM, Griffin TM. Mitochondrial respiration and redox
coupling in articular chondrocytes. Arthritis research & therapy. 2015; 17(1):54.

Martin JA, Martini A, Molinari A, Morgan W, Ramalingam W, Buckwalter JA, et al. Mitochondrial electron
transport and glycolysis are coupled in articular cartilage. Osteoarthritis Cartilage. 2012; 20(4):323-9.
PubMed Central PMCID: PMCPMC3634328. doi: 10.1016/j.joca.2012.01.003 PMID: 22305999

Ralser M, Wamelink MM, Kowald A, Gerisch B, Heeren G, Struys EA, et al. Dynamic rerouting of the
carbohydrate flux is key to counteracting oxidative stress. Journal of biology. 2007; 6(4):1.

Vander Heiden MG, Cantley LC, Thompson CB. Understanding the Warburg effect: the metabolic
requirements of cell proliferation. science. 2009; 324(5930):1029-33. doi: 10.1126/science.1160809
PMID: 19460998

Parker SJ, Metallo CM. Metabolic consequences of oncogenic IDH mutations. Pharmacology & Thera-
peutics. 2015; 152:54-62.

Rendina AR, Pietrak B, Smallwood A, Zhao H, Qi H, Quinn C, et al. Mutant IDH1 Enhances the Produc-
tion of 2-Hydroxyglutarate Due to Its Kinetic Mechanism. Biochemistry. 2013; 52(26):4563—77. doi: 10.
1021/bi400514k PMID: 23731180

Liu X, Ogasawara S, Kaneko MK, Oki H, Hozumi Y, Goto K, et al. A novel monoclonal antibody SMab-2
recognizes endogenous IDH2-R172S of chondrosarcoma. Biochemical and Biophysical Research
Communications. 2015; 459(4):636—42. doi: 10.1016/j.bbrc.2015.02.162 PMID: 25753205

PLOS ONE | DOI:10.1371/journal.pone.0168326 January 5, 2017 16/16


http://dx.doi.org/10.1016/j.bpj.2010.03.037
http://www.ncbi.nlm.nih.gov/pubmed/20550897
http://dx.doi.org/10.1007/s10237-013-0518-8
http://www.ncbi.nlm.nih.gov/pubmed/23896937
http://dx.doi.org/10.1016/j.joca.2007.01.021
http://www.ncbi.nlm.nih.gov/pubmed/17368052
http://dx.doi.org/10.1016/j.joca.2015.11.021
http://dx.doi.org/10.1016/j.joca.2015.11.021
http://www.ncbi.nlm.nih.gov/pubmed/26687825
http://dx.doi.org/10.1016/j.joca.2005.12.004
http://dx.doi.org/10.1016/j.joca.2005.12.004
http://www.ncbi.nlm.nih.gov/pubmed/16520066
http://dx.doi.org/10.1002/pmic.200700249
http://www.ncbi.nlm.nih.gov/pubmed/18186017
http://dx.doi.org/10.1016/j.ccr.2012.02.014
http://dx.doi.org/10.1016/j.ccr.2012.02.014
http://www.ncbi.nlm.nih.gov/pubmed/22439925
http://dx.doi.org/10.1007/s10237-013-0518-8
http://dx.doi.org/10.1007/s10237-013-0518-8
http://www.ncbi.nlm.nih.gov/pubmed/23896937
http://dx.doi.org/10.1002/art.39460
http://www.ncbi.nlm.nih.gov/pubmed/26473613
http://dx.doi.org/10.1016/j.joca.2012.01.003
http://www.ncbi.nlm.nih.gov/pubmed/22305999
http://dx.doi.org/10.1126/science.1160809
http://www.ncbi.nlm.nih.gov/pubmed/19460998
http://dx.doi.org/10.1021/bi400514k
http://dx.doi.org/10.1021/bi400514k
http://www.ncbi.nlm.nih.gov/pubmed/23731180
http://dx.doi.org/10.1016/j.bbrc.2015.02.162
http://www.ncbi.nlm.nih.gov/pubmed/25753205

