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Chapter 6

The biomass composition of human
cells

In collaboration with Petra Krumpochova, Brett Olivier, Dick-Paul Kloos, Martin Giera, and Bas Teusink.



6. Biomass composition of human cells

Background

Genome-scale stoichiometric models have become a highly valued tool for the
study of metabolism [326]. But the scale of these models comes at a price:
To allow the effective study of these large models, reaction kinetics must be
(largely) ignored, even when they are known. In the study of human cells,
a similar agnosticism occurs with respect to the objective function, but this
disinterest is not justifiable. The choice of objective function has a profound
impact on simulation results, yet strangely, it does not usually receive much
attention, although historically there have been notable exceptions [163, 327].

In the study of microorganisms, there is agreement in literature that cell
growth is an appropriate choice for an objective function (see e.g. [328–330]),
and to an extent, this also applies to cancer (e.g. [160, 161]). However, healthy
cells from multicellular organisms are a different matter, on which the jury
is still out. For instance, Gille et al. tested a liver model with 442 different
objectives, none of which amounted to biomass production [157], and Shlomi
et al. predicted metabolic capabilities based on gene expression data, forgoing
the use of an objective function altogether [331].

Alternative types of objective functions have been proposed (see e.g. [110,
149,332]), but none seem to appeal to researchers on an intuitive level the way
biomass production [163] does. Regardless, once one decides that biomass
production is the objective function to go with, there is a second issue: what is
“biomass” made of? Classical biochemistry has been used to answer that ques-
tion for various organisms. For Escherichia coli [333], Lactococcus lactis [328],
and Lactobacillus plantarum [329], the biomass composition was determined di-
rectly, whereas for Saccharomyces cerevisiae, the commonly used “Yeast 5” [330]
and iTO977 [334] models contain biomass equations that are based on infor-
mation from literature. In yeast, it is known that growth conditions (carbon
limitation, nitrogen limitation) have a significant impact on biomass compo-
sition, and in the two latter references, the authors employ computational
methods (e.g. sensitivity analysis [334]) to circumvent this issue.

The situation is more complex for multicellular organisms. Healthy tissue
does not strive (solely) for the production of more healthy tissue, and the
composition of human biomass is expected to vary by tissue type [164]. Also,
acquiring sufficient biological material of which to determine the biomass
composition can be problematic. The study of cancer cells does not suffer from
these limitations, as cancer cell lines can be cultured in vitro and few people
object to parting with primary tumor cells. In addition, their hyperproliferative
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Figure 6.1: The human biomass composition described in this chapter (top), along with three
popular biomass compositions from literature. While all three other biomass equations are widely
used in genome-scale modeling, none of them is derived solely from human data.

phenotype [14] justifies the use of biomass production as an objective function
in the study of their metabolic properties. But these can hardly be called new
insights. In 1996, mouse hybridoma cells were studied using a flux balance
analysis (FBA) approach [46], and their biomass composition was determined
as a matter of course. A similar study, also on murine hybridoma cells, was
performed about a decade later by Sheikh et al. [335], and Altamirano et
al. determined the biomass composition of Chinese hamster ovary two years
later [336] (Figure 6.1).

In this light, it is highly surprising that so far, no genome-scale study
of human metabolism has included an experimentally determined biomass
composition. The “Recon 1” reconstruction [155] does not include a biomass
reaction. Derivative works add to this model a biomass reaction that is based
on literature from a variety of eukaryote species [161], or refer to the “plurifor-
mity of human biomass” and omit it altogether [158]. “Recon 2”, the successor
to Recon 1, does include a biomass reaction, but this reaction is based directly
on the murine hybridoma work of Bonarius et al. [46, 50] and therefore is of
limited value to the study of human metabolism (we also discovered some
other technical shortcomings, which we will discuss in later sections).

The above illustrates that thus far, in spite of some notable exceptions [157],
many FBA-derived conclusions about human metabolism [164] and disease
[160, 161] have ultimately been based on arcane combinations of mouse, rat,
dog, and human biomass samples. Therefore, we set out to experimentally
determine the first (fully) human biomass composition, and to examine the
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6. Biomass composition of human cells

effect of this novel biomass equation on modeling results. Because there can be
all sorts of differences between different cell types, we did not aim to determine
the be-all and end-all of human biomass compositions. Instead, we focused
on the HL-60 leukemia cell line [337], which has several properties that make
it especially suitable for this kind of study. For instance, (neutrophilic) HL-
60 cells can be induced to differentiate into granulocytes by adding specific
chemicals to the culture medium [337], and healthy counterparts to the cancer
cells can be easily and safely acquired. Most importantly, however, the cells
can be grown in suspension, which makes it easier to accumulate the required
amount of material for our biomass determination.

So what is “biomass” made of? Broadly, it consists of five major fractions.
These are protein, lipids, carbohydrates, RNA, and DNA. In addition, there
is a category of “other” contributors to biomass, which is usually taken to
include ions and vitamins [163]. Often, the exact contribution of these other
components to biomass is difficult to determine, but they are sometimes ex-
plicitly included as biomass components to make sure the pathways leading
up to them carry a (small) flux, mimicking the biological situation. Biomass
equations typically also include an energy requirement in the form of ATP hy-
drolysis. This represents the part of the (measured) energy expenditure that
is associated with maintenance and/or the production of new cells, but that is
not accounted for by known anabolic processes [329, 338].

For most of these main categories, there are assays that enable their quan-
tification. The exceptions are “other”, which by definition cannot itself be
quantified, and the energy requirement, which is usually taken from litera-
ture [338].

The subcomposition of the protein, lipid, carbohydrate, RNA, and DNA
components is then determined in various ways. The contributions of the (de-
oxy)nucleotides to RNA and DNA follow from their prevalence in ribosomal
RNA and genomic DNA, respectively. Likewise, the amino acids that make
up the protein fraction can be inferred from protein sequences, but as protein
expression patterns are known to vary greatly across cells and cell types, the
preferred method is to experimentally quantify them using gas or liquid chro-
matographic methods. For the carbohydrate fraction, a (phospho-)hexose is
usually selected as a representative for glycogen and included in the biomass
equation, after quantifying total hexoses/pentoses in biomass. Models of hu-
man cells therefore necessarily overlook their inclusion in glycoproteins, but
since these cannot yet be accurately modeled, it does not make much sense to
include them in such detail anyway [339]. The lipid subcomposition is often
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estimated or taken from literature (if it is modeled in any detail at all), as the
modest contributions of its subcomponents to total biomass are usually not
deemed sufficient to warrant research into their quantities.

In this chapter, we describe the first fully human biomass composition,
which we derived from HL-60 cells. Insertion of this biomass reaction into
Recon 2.1 [339] uncovered some fundamental issues with the currently most
popular model of human metabolism, including elemental imbalances. After
remedying those, an evaluation of the effects of our more complex new biomass
equation on modeling results showed that reactions from various pathways
in the underlying network, which had laid “dormant” before, were now ac-
tive. Our analysis also indicated the need for several essential fatty acids to
be supplied in the growth medium. Although the standard specification of
the medium does not include these compounds, we experimentally confirmed
their presence in complete, serum-containing growth medium. The data and
improved human metabolic model that result from this project are made avail-
able to the community, and represent what we hope to be an important step
on the path to a full understanding of human molecular physiology.

Results

The HL-60 biomass composition

To determine the biomass composition of HL-60 leukemia cells, we first exper-
imentally assessed the degree to which each major component (DNA, RNA,
lipids, carbohydrates, protein) contributes to total dry weight. We then exper-
imentally determined the subcomposition of the lipid and protein fractions,
estimated the DNA and RNA subcompositions from literature, and appointed
glucose as a representative of the carbohydrate fraction. For the “other” cat-
egory, of which the subcomponents are uncertain (and if they are known,
require individual assays for each subcomponent to measure), we assumed
a fraction of 5% of total biomass, which is in line with previous estimations
(Figure 6.1). The total lipid fraction, whose direct measurement proved elu-
sive, was estimated by subtracting the other fractions from one. The resulting
HL-60 biomass composition is shown in Table 6.1 and Figure 6.2, along with
the biomass reaction that is included in the Recon 2 reconstruction for com-
parison [50].

Table 6.1 shows that to an extent, the contributions of the main biomass
fractions are comparable between the HL-60 biomass equation and the one
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6. Biomass composition of human cells
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Figure 6.2: Graphical comparison of the new biomass composition (top) with the one that is
included in Recon 2 (bottom). For the RNA subcomposition, the differences are likely due to the
sequence source used (i.e. in our case, rRNA; for Recon 2, it is unspecified but likely based on
the full genome sequence [50, 124]). The protein subcomposition in our biomass equation was
determined experimentally, which (partially) explains the slight differences between the two bars.
Although the individual amino acids are not annotated in the figure, the order and coloring is the
same. Since the subcomponents of DNA, RNA, and protein are the same in both models, these
differences are unlikely to have profound consequences for modeling results. However, the new
lipid subcomposition is clearly more complex, especially when the R-group components in the
Recon 2 biomass equation are disregarded, as shown.

in Recon 2. However, a disparity is apparent when the subcompositions of
the protein and lipids fractions are considered (Tables 6.2 and 6.3). For the
amino acid subcomposition, this could be due to the cell type (or organism)
under study, but for the lipid fraction, the difference is a product of our more
extensive subcharacterization.

Fraction of biomass (%)
Component HL-60 Recon 2

Total protein 66.38 70.6
Total lipids 9.7 9.7
RNA 3.88 5.8
DNA 1.48 1.4
Carbohydrates 13.56 7.1
Other 5.0 5.4

Table 6.1: Biomass composition of HL-60 cells, compared to the biomass composition used in
Recon 2 [46]. The values represent percentages of total dry weight. Details of the conversion from
weight fractions to stoichiometric coefficients are given in Materials and Methods.
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Amino acid subcomposition
(mmol of AA per g protein)

Component HL-60 Recon 2

Alanine 0.92 0.53
Arginine 0.48 0.36
Asparagine 0.43 0.43
Aspartic acid 0.43 0.81
Cysteine 0.18 0.57
Glutamine 0.58 0.22
Glutamic acid 0.58 0.21
Glycine 1.26 0.48
Histidine 0.37 0.75
Isoleucine 0.24 0.06
Methionine 0.22 0.49
Phenylalanine 0.19 0.17
Proline 0.49 0.54
Serine 0.57 0.74
Threonine 0.47 0.45
Tryptophan 0.13 0.48
Tyrosine 0.03 0.02
Valine 0.39 0.38

Table 6.2: Amino acid subcomposition of HL-60 cells (determined in this chapter) and the biomass
equation in the Recon 2 model. Values represent millimoles of each amino acid per gram of protein
in the biomass equation.

Towards a new biomass equation

A set of measurements does not a biomass equation make. Even after we con-
verted the measured data to a biomass equation (see Materials and Methods
for details), inserting it into Recon 2 did not make for a working model.

Recon 2 [50] is currently the latest, most comprehensive, and most popular
reconstruction of human metabolism. Following its initial release, it was
soon revised by its authors to address some problems with its use, including
carbon imbalances (i.e. reactions with differing numbers of carbon atoms on the
reactant and product sides). The resulting reconstruction is known as version
2.03, but it was only made available in a Matlab-based format, severely limiting
its accessibility.

More importantly, both Recon 2 and Recon 2.03 are reconstructions rather
than models. This means that although they look and behave like stoichiomet-
ric models, they should be interpreted as curated collections of reaction infor-
mation that can be used as starting points for building models. A model, then,
uses this network to simulate biological behavior; for instance, by specifying
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6. Biomass composition of human cells

Component Species ID % w/w Stoich. coefficient

C10 M_dcacoa_c 0.01 0.0003
C11 M_undcoa_m 0.19 0.0101
C12 M_ddcacoa_c 0.08 0.0038
C13 M_tridcoa_m 0.01 0.0004
C14:0 M_tdcoa_c 3.82 0.1325
C15 M_ptdcacoa_m 0.22 0.0092
C16:0 M_pmt_c 9.31 0.3629
C16:1 M_hd_c 8.76 0.3444
C17 M_hpdca_c 0.18 0.0067
C18 M_st_c 15.97 0.5615
C18:1 (cis) M_ocdcea_c 24.80 0.8779
C18:1 (trans) M_elaid_c 5.86 0.2074
C18:2 M_lnlc_c 0.63 0.0226
C18:3 (α-linolenate) M_lnlnca_c 0.07 0.0024
C18:3 (γ-linolenate) M_lnlncg_c 0.07 0.0027
C20 M_arach_c 0.10 0.0031
C20:3 M_dlnlcg_c 0.44 0.0144
C20:4 M_eicostet_c 3.25 0.1067
C20:5 (EPA) M_5eipencoa_m 20.61 0.6814
C22 M_docosac_c 0.03 0.0009
C22:6 M_crvnc_c 2.17 0.0661
C24:1 M_nrvnc_c 0.05 0.0013
Other fatty acids — 0.88 —

Cholesterol M_chsterol_c 2.50 0.0647
Other sterols — BDL —

Table 6.3: Subcomposition of the lipid content of HL-60. For each lipid component, its contribution
to the total lipid fraction is shown as a weight percentage. We also show the species ID in the
model that corresponds to each lipid subcomponent, as well as its stoichiometric coefficient in
the lipids sub-reaction (= mmol per gram of lipids). Recon 2 is not shown for comparison here:
after removing the metabolites that only participate in unbalanced reactions, it only includes
cholesterol, and no fatty acids. BDL: below detection limit.

flux constraints based on external conditions like the nutrient concentrations
in the medium, or the availability of certain reactions. Being a reconstruction
rather than a model, when Recon 2 is simulated as-is, it produces biomass, but
upon closer inspection, it turns out that all biomass components can be freely
imported into the cell, and there is no need for the rest of metabolism to work.

Elemental balancing

Soon after its initial release, one of the authors of the original Recon 2 recon-
struction proposed Recon 2.1 as a carbon-balanced successor to Recon 2 [339].
Version 2.1 fixes the carbon balance and some other issues Recon 2 suffered
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from, but the other elements (H, O, N, P, S) may still have imbalances due
to the use of generic metabolites (metabolites with an R-group that symbol-
izes an unspecified tail of carbohydrates, acyls, etc.). Smallbone, the author
of Recon 2.1, realized this and proposed Recon 2.1x as a solution to this in
the same paper. He resolved the issue by enumerating (almost) all possible
instantiations of generic metabolites, but while the resulting reconstruction is
elementally balanced, at a whopping 71159 reactions, it is also too large to
handle using current-day software/hardware. Because we wanted to be able
to simulate the model after adding the new biomass equation, we had to find
another solution.

Since the elemental composition of each metabolite is provided in the
metadata of the reconstruction, we can identify imbalanced reactions in Recon
2.1 by comparing the elemental composition of each reaction’s left-hand side
and right-hand side. We detected 339 unbalanced reactions using this method,
and we disabled them in the model. Importantly, this operation revealed that
the Recon 2 biomass equation included seven metabolites with R-groups. By
removing them from the biomass reaction (instead of removing the biomass
reaction altogether; see Materials and Methods for details), we ensured we
could compare balanced models with functional biomass equations.

Medium specifications imposed by the biomass equation

Recon 2.1 has 1290 exchange reactions, which allow the model to consume or
produce 645 metabolites (import and export are split into separate reactions).
By default, they can all carry flux, which essentially means any biomass equa-
tion will “work”, because all components can just be imported. To begin to
make statements about the modeling implications of using a different biomass
equation, it is important to first determine which metabolites are essential,
meaning they must be supplied externally, and which metabolites can be pro-
duced by the cell from these external inputs.

Using a mixed-integer linear programming approach (see Materials and
Methods), we determined the smallest possible set of metabolites that is
needed to produce biomass, given Recon 2.1 with either its original biomass
equation (without R-group metabolites) or our novel one. As expected, the
resulting minimal media (Table 6.4) include essential amino acids, a source
of phosphate, and, in the case of the new biomass equation, a subset of the
fatty acids in the lipid subcomposition. We confirmed that the other lipids
could either be produced from these fatty acids, or from other metabolites.
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6. Biomass composition of human cells

The predicted minimal media do not include ions or vitamins, as they are not
included in the old or new biomass equation.

Both minimal media also include the peptide kinetensin, which is an un-
common find in this context. Kinetensin is a peptide whose amino acid se-
quence is Ile-Ala-Arg-Arg-His-Pro-Tyr-Phe-Leu [340]. This makes it an ef-
ficient source of essential amino acids, as importing kinetensin means that
phenylalanine and leucine need not be imported separately anymore. It is also
a very rich carbon and nitrogen source. Therefore, the presence of kinetensin
in the computationally determined minimal media is a consequence of the
method used to determine said media, rather than of a biological property of
the metabolic network.

Component Recon 2 New biomass eqn

Histidine X X

Isoleucine X X

Lysine X X

Methionine X X

Threonine X X

Tryptophan X X

Valine X X

Kinetensin X X

Phosphate X X

Margaric acid (C17) X

Linoleic acid (C18:2) X

α-linolenate (C18:3) X

Behenic acid (C22) X

Nervonic acid (C24:1) X

Table 6.4: Minimal media requirements of the Recon 2 model with its original biomass reaction
and with the new biomass equation. If a metabolite is in the set of minimal media requirements for
a model with a particular biomass equation, this is indicated by a check mark. The new biomass
equation adds requirements on lipid intake, which were absent in the original model.

Comparing simulation outcomes using both biomass equations

Although we can also simulate a kinetensin-free medium by adding the other
essential amino acids, since both minimal media contain the peptide, we first
compared the implications of each biomass equation on the metabolic net-
work that lies between the consumption of metabolites and the production
of biomass. Since we already know that the model will grow when supplied
with its minimal medium, we can proceed directly to a flux variability analy-
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Figure 6.3: Summary of FVA results when simulating a minimal medium and using either the
Recon 2 biomass equation or our new one. (A) Based on their minimum and maximum flux values,
reactions can be categorized into those that cannot carry flux, those that can optionally carry flux
in one direction, those that must carry flux in a certain direction, those that can (optionally) carry
flux in either direction, and reactions for which the analysis is infeasible of nonsensical. For each
of these classes, the number of reactions that belongs to them in both versions of the model is
shown. (B) For those reactions that must carry a nonzero flux when using one biomass equation,
but not when using the other, we evaluated the subsystem this reaction was annotated with. The
model with the new biomass equation requires almost five times as many reactions to be active
compared to the old biomass composition, and fatty acid oxidation and synthesis and intracellular
transport reactions cover about half of these differences.

sis (FVA) and find the minimum and maximum flux for each reaction, given
optimal biomass production. For each reaction, this now gives an indication
of its importance to the network: can it carry flux in the first place? If it can,
in which direction, and is this mandatory? Maybe it can carry flux in both
directions (Figure 6.3A)?

We categorized reactions based on these properties. Among the result-
ing categories, the most interesting ones are those containing reactions that
must carry flux in some direction. Interestingly, this number is much larger
when using the new biomass equation, compared to the old one (Figure 6.3A,
highlighted values).

We examined the annotations of these reactions, and unsurprisingly, found
that the subsystems associated with fatty acid oxidation and synthesis were
strongly represented among the reactions that must carry flux when using the
new biomass equation, but not when using the old one (Figure 6.3B). Therefore,
we can conclude that using the more complex new biomass equation has
an impact on the flux distribution of the underlying network, particularly
in subsystems related to exchange, transport, and fatty acid oxidation and
synthesis.
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6. Biomass composition of human cells
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Figure 6.4: Summary of FVA results when simulating RPMI 1640 medium, augmented with
essential fatty acids (RPMI 1640+) and using either the Recon 2 biomass equation or our new
one. (A) Based on their minimum and maximum flux values, reactions can be categorized into
those that cannot carry flux, those that can optionally carry flux in one direction, those that must
carry flux in a certain direction, those that can (optionally) carry flux in either direction, and
reactions for which the analysis is infeasible or nonsensical. For each of these classes, the number
of reactions that belongs to them in both versions of the model is shown. (B) For those reactions
that must carry a nonzero flux when using one biomass equation, but not when using the other, we
evaluated the subsystem this reaction was annotated with. Increased use of fatty acid oxidation
and synthesis pathways, due to the increased complexity of the lipid fraction in our new biomass
equation, explains the vast majority of these differences.

Simulating a more realistic medium reduces the number of
differentially activated subsystems

As we stated above, simulations with kinetensin as a medium component are
unlikely to represent a realistic situation. HL-60 cells are normally cultured in
RPMI 1640 medium, supplemented with fetal bovine serum. While it is not
known exactly what is in the serum part of the medium, the base formulation
of RPMI 1640 is common knowledge: in a nutshell, it contains amino acids
(including all essential ones), glucose, and various vitamins, cofactors, and
salts.

We repeated the flux variability analysis described above with RPMI 1640
instead of an artificial minimal medium. The fatty acid requirements our new
biomass equation imposes were met by supplementing the simulated RPMI
1640 with five fatty acids that we determined as essential to growth of the
(new) model (Table 6.4).

When using our modified RPMI 1640 medium (“RPMI 1640+”), the re-
sults of an FVA comparison between models with the old and new biomass
equations are largely comparable to the situation with the computationally
determined minimal medium (Figure 6.4A). As expected, the more complete
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(base) formulation of RPMI 1640 translates to an overall need for fewer flux-
carrying reactions.

However, the reactions that must carry flux when using the new biomass
equation but not when using the old one show a much clearer distribution
across annotated subsystems. The vast majority of the affected reactions is
now associated with fatty acid oxidation or synthesis, with a minor role for
intracellular transporters (Figure 6.4B).

Moreover, the number of different subsystems the affected reactions are
classified in when using the RPMI 1640+ medium is vastly smaller than in
the simulations with a minimal, kinetensin-containing medium. In the former
case, only a single subsystem was not exchange-, transport-, or fatty acid-
related (the exception was “valine, leucine and isoleucine metabolism”, which
contained 2 reactions), whereas with the minimal medium 28 other subsystems
contained 92 reactions.

Because of their essentiality for growth in simulations, we hypothesized
that the essential fatty acids we added to the simulated medium are included in
real-world growth medium through the addition of serum. Indeed, when we
sampled complete culture medium and determined its lipid subcomposition,
we found substantial concentrations of each of the five essential fatty acids.
The amounts of the fatty acids in the medium, as a weight percentage of
total lipids, ranged from 22% to 83% of the relative amount in the HL-60
samples, indicating the cells selectively that them up during the course of
their growth. This finding justifies their inclusion in these simulations, but
also shows the potential of a biomass-based approach for determining the
molecular requirements of growth.

Combined with the results of our simulations using the minimal media,
this result illustrates the importance of a detailed biomass equation as well as
a realistically defined medium: it is easy to overlook entire pathways if there
is no demand for them to be functional, and conversely, an overly minimal
medium may lose touch with biology by requiring unrealistic activity in exotic
pathways.

Discussion

Biomass requires balance

An understanding of cell growth and hyperproliferative disease is contingent
on an understanding of what cells are made of. In an effort to bring this goal
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6. Biomass composition of human cells

closer, we have presented a more detailed human biomass composition than
any other that we were aware of. Perhaps unexpectedly, its mere inclusion in
Recon 2.1 already revealed places in which our current model of metabolism
diverges from physiological reality.

A major culprit is the elemental imbalance in the Recon 2 reconstruction.
Although this issue has been identified before and a solution proposed [339],
our solution of removing all unbalanced reactions yields the first Recon 2-
derived model that can be used in practice.

Unfortunately, the imbalance also extended to Recon 2’s biomass equation,
as it too includes R-group metabolites. This property seems to have been
introduced in a Recon 1-based model published by Folger et al. [160], and
carried over to later versions of the human metabolic reconstruction [50]. The
specific composition of these glycophospholipid biomass components is an
important piece of information that genome-scale models would clearly benefit
from, but as Smallbone demonstrated [339], the combinatorial aspect their
specification entails is an adversary to be reckoned with: the almost-complete
specification of these compounds grew the model to ∼71000 reactions.

Even so, we expect that further increasing our understanding of the specifics
of human biomass is a great way to improve the predictive power of human
metabolic models, by shedding light on the state of various pathways that
would go unused if these biomass components are ignored.

Growing awareness of medium in simulations

Besides biomass production, an output variable, the other major determinant
of the outcome of model simulations is which metabolites the model can
consume, on the input side. In other words, to which medium components
should the simulated cells have access?

In microorganisms, this question is commonly asked, as FBA is often used
to either optimize growth or the production of a biotechnologically interesting
metabolite given some environment [329,341]. In contrast, for reconstructions
and models of human metabolism, a variety of approaches are found in recent
literature.

Recon 1, 2, and 2.1 are reconstructions rather than models, so they contain
no predefined medium, and all exchange reactions are available [50, 155, 339].
Bordbar et al. produced cell-type specific reconstructions that were studied
with respect to each other, but not so much with respect to the environ-
ment [164]. Nevertheless, although the authors do not describe the medium in
detail, the number of exchange reactions in the models is kept low and seems
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well thought out. Interestingly, they include exchange reactions for many of
the fatty acids our analysis identified as essential for biomass production in
Recon 2.1.

Shlomi et al., on the other hand, took a structure-driven approach, and pre-
dicted exchange fluxes based on the activity of enzymes in the network [331].
Ågren et al. automatically constructed tissue-specific models, similar to the
Recon 2 approach, but did not include a biomass equation and therefore for-
went the medium specification as well [158]. Jain et al., in constrast, focused
primarily on the production and consumption of medium components [45].
The resulting data set spans sixty cell lines, and is of great value in the context
of tissue-specific modeling. The leukocyte-based biomass equation we present
here can be viewed as a contribution in the context of this tissue-specific fu-
ture; however, cell type-specific models based on Recon 2.1 have yet to be
developed. Ideally, these will include cell type-specific biomass equations.

Folger et al. also specify the medium they simulated [160]. The model
presented in their paper, uses RPMI 1640 (as well as the mouse hybridoma
biomas equation that found its way into Recon 2 [46, 50]), but in contrast to
our approach, it only specifies the components of the medium and not their
quantities relative to each other.

With our analysis, we aimed for a hybrid computational/experimental ap-
proach. By first looking at the model structure to discover what the model
needs to grow, and then comparing this to the metabolites we know are in the
medium, we could deduce which other, unseen medium components exist,
and confirm this experimentally. We expect that medium and biomass-based
approaches will be of increasing importance in the future, as models of human
metabolism become more detailed and therefore more dependent on knowl-
edge about their exchanges with the environment.

Going from reconstructions to cell-type specific models

The biomass composition we present here was determined in the HL-60
promyelocytic leukemia cell line [337]. Although we focused on this as a pri-
mary objective, an obvious direction for future work is to compare these cells
to, say, carcinomas, differentiated HL-60 cells, or healthy leukocyte samples.
The experimental challenge this presents is quite surmountable, but to be able
to properly compare cell types, cell type-specific models must also be devel-
oped. Various methodologies have been proposed to do this [50,158,164,342].
Most are somehow based on gene expression data; however, there is no con-
sensus as to which method is the best.
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6. Biomass composition of human cells

Whichever methodology ends up finding broad adoption by the commu-
nity, we expect that the structure of a cell type-specific network, combined
with a demand-driven approach like the one we present will yield valuable
insights in the metabolic properties of various tissues. Data like the biomass
composition we present here, as well as the metabolite profiles produced by
Jain et al. [45], are instrumental in this endeavor, as we will sooner or later
reach the limitations of what can be done using structural analyses. In the
end, there is no substitute for biochemical experimental knowledge, just like
the structural findings we present here would have been meaningless without
a fully human biomass equation.

It is evident that the first fully human biomass equation we present here
is a resource upon which the community can build in a wide variety of future
projects. We have used it to check, improve, and instantiate Recon 2.1, the
current state of the art in modeling human metabolism, and have made the
resulting model available for download at http://www.joostboele.nl/thesis/.
Together, the two resources can be built upon to optimize the predictive power
of human genome-scale metabolic modeling approaches, and improve our
understanding of human molecular physiology.

Materials and Methods

Determination of the HL-60 biomass composition

Cell culture, cell count, and dry weight determination

HL-60 human promyelocytic leukemia cells were obtained from the European Col-
lection of Cell Cultures, and maintained in RPMI-1640 medium (PAA) with 8% fetal
bovine serum (PAA) and 1% Penicillin/Streptomycin (PAA).

The cell density of cultures was determined using a Bio-Rad TC-20 Cell Counter.
To determine the amount of dry weight per volume of culture, a known volume of
sample was filtered using 1µm nitrocellulose filters (Whatman), and the weight of the
filters before and after filtration compared using a Sartorius 4503 Micro scale.

Total protein content and protein hydrolysis

The cells were lysed with 1% Triton X-100, 50 mM HEPES, pH 7.4, 150 mM NaCl, 1.5 mM
MgCl2, 1mM EGTA, 100 mM NaF, 10 mM Na pyrophosphate, 1 mM Na3VO4 and 10%
glycerol, containing freshly added protease and phosphatase inhibitors. Total protein
content was then determined colorimetrically using the bicinchoninic acid (BCA) assay
(Pierce).
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The contribution of the individual amino acids was determined by first hydrolysing
the protein by keeping the samples in 6M HCl at 115◦C for 24h, and then measuring
the amino acid concentrations in the hydrolyzed samples using the GC/MS method
described below.

Amino acid subcomposition GC/MS analysis

Extraction and derivatization of the amino acids were performed with a commercially
available kit according to the instructions of the manufacturer [343]. Briefly, 100µL
of sample including 13C internal standards was mixed with Reagent 1 in order to
adjust pH and add the internal standard (norvaline). The mixture was slowly passed
through sorbent tip and washed with Reagent 2. Then, 200µL of freshly prepared
eluting medium was used to elute sample and sorbent from the tip. In the next step,
derivatization reagent (Reagent 4) was added to the mixture and the sample was
vigorously vortexed. Finally, 100µL of Reagent 5 containing isooctane was added to
sample in order to separate different phases after vortexing, and we collected the top
(organic) phase.

The derivatized samples were analyzed with a GC-2010 gas chromatograph (Shi-
madzu), equipped with injector AOC-20i (Shimadzu) and autosampler AOC-20s (Shi-
madzu) which was coupled to a GCMS-QP2010 Plus with an electron ionization source
(Shimadzu). One microliter of derivatized sample was injected onto a ZB-AAA column
(10 m x 0.25 mm ID with a film thickness of 0.25 µm). The injection port, equipped with
a GC liner for Shimadzu 17B (deactivated, Phenomenex), was set to split ratio 30 and
held at a temperature of 250◦C. The column oven temperature was initially set at 110◦C
and then raised to 320◦C at a rate of 30◦C/min. Helium was used as carrier gas with
a gas flow of 2 mL/min. The interface (GC to MS) was at temperature 320◦C and the
ion source at 240◦C. Electron ionization was operated with 70 eV. For quantitative mea-
surements, the MS was used in selected ion monitoring (SIM) mode. All analyses were
performed in duplicate. 13C-15N labeled amino acid standards were added as internal
standard to both samples and calibration standards for IDMS-based quantification.

The results included concentrations for most amino acids, but did not include
arginine, cysteine, tryptophan. For these amino acids, their relative contributions to
total protein were estimated based on protein sequence data. Also, due to the HCl
treatment, asparagine in the original samples was measured as aspartic acid, and
glutamine as glutamic acid, so the measured concentration of aspartic acid was split
evenly between asparagine and aspartic acid, and of glutamic acid between glutamine
and glutamic acid.

Carbohydrates

Since we are interested in the total of all carbohydrates in the cell, commonly used
enzymatic assays are too specific for our purposes. Instead, we determined the car-
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6. Biomass composition of human cells

bohydrate fraction using the colorimetric phenol-sulphuric acid method, similarly to
previous biomass composition determinations in prokaryotes [329]. We scaled down
the assay to economize reagents, used the reagent proportions described by Masuko
et al. [344], and performed the assay in glass labware to minimize the background
signal. We measured the samples at 488 nm; because the absorption spectra of various
carbohydrates overlap, measuring at this wavelength gives a fairly complete overview
of the total abundance of carbohydrates in the sample.

RNA and DNA

RNA was isolated from samples using the acid phenol/chloroform extraction proto-
col protocol, treated with DNAse-I and then quantified using a NanoDrop ND-1000
(Thermo Scientific), which yields an RNA concentration in ng/µl. The RNA subcompo-
sition was then determined by assessing the contribution of each nucleotide (A, C, G,
and U) to known human ribosomal RNA sequences (28S, 18S, 5.8S, 5S; accession num-
bers NR_003287.2, NR_003286.2, NR_003285.2, NR_023379.1, respectively) relative to
the total number of nucleotides in these sequences. We used ribosomal RNA, as this
class of RNA composes the vast majority of the total RNA fraction in proliferating cells.

DNA was isolated using the phenol/chloroform extraction protocol, and then quan-
tified using a NanoDrop ND-1000 (Thermo Scientific), which yields a DNA concen-
tration in ng/µl. The DNA subcomposition was then determined by assessing the
contribution of each nucleotide (A, C, G, and T) to the hg19 assembly of the human
genome sequence, and averaging the contributions of A and T, and C and G, to account
for basepairing.

For both RNA and DNA, of each (deoxy)nucleotide, the triphosphate form is in-
cluded on the reactants side of the biomass equation. The diphosphate that is released
when a DNA or RNA molecule is elongated by one nucleotide is included on the prod-
uct side. When determining the molecular weight of DNA and RNA in the biomass
composition, the molecular weight of all nucleotides was reduced by the weight of one
diphosphate.

Total lipid content and lipid subcomposition

Due to difficulties directly measuring the lipid fraction in total biomass, it was calcu-
lated by subtracting all other fractions from one. This yielded a lipid fraction of 9.7%,
which is consistent with earlier biomass determinations in mammals. While taking
samples for the lipid assays, we took care to avoid plastic disposables to minimize
leeching of lipid compounds to/from them.

To determine the lipid subcomposition, we spun down ∼2·106 cells and washed
the pellet twice with PBS. The sample was then diluted 4x with ice cold methanol and
stored at -80◦C until use.
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The fatty acid and sterol quantification was performed as follows. First, 2.5 µL
of sample was mixed with 180 µL of MeOH and 2 0µL of water. 70 µL of 6 N HCl
was added, after which 10 µL internal standard (IS) was added. Lipid extraction was
carried out by adding 1 mL of n-hexane. After vigorously shaking the sample for 30 s,
the n-hexane layer was transferred to a 1.5 mL glass vial and concentrated to dryness
under a gentle stream of nitrogen. The procedure was repeated and the organic extracts
were combined.

Dried samples were derivatized using 25 µL of MtBSTFA for 10 min at room
temperature. Subsequently, 25 µL of BSTFA (1% TMCS) and 2.5 µL of pyridine were
added and the sample was heated for 15 min to 50◦C. Next 947.5 µL of n-hexane,
containing 10 µg/mL octadecane (C18) as system monitoring component, was added.

A Scion TQ GC-MS system from Bruker (Bremen, Germany), equipped with a
Bruker BR5-MS 15 m × 0.25 mm × 0.25 µm column was used. The injector was held at
280◦C. The injection volume was 1 µL for selected ion monitoring (SIM) and 2 µL for
isotopologue analysis (splitless). The temperature program was kept at 90◦C for 0.5
min, then ramped with 30◦C/min to 180◦C, then to 250◦C with 10◦C/min, then to 266◦C
with 2◦C/min, and finally to 300◦C with 120◦C/min, kept for 2 min. Helium (99.999%)
was used as carrier gas at a flow rate of 1.2 mL/min. All analyses were carried out using
EI at 70 eV. For validation and quantification purposes, SIM analysis was applied. For
isotopologue analysis, a scan window from the monoisotopic SIM value up to +15 m/z
units was measured in a window of ± 0.3 min around the retention time of the target
component.

Composing the biomass equation

To compose a biomass equation for use in models that use (milli)moles as a unit,
and not “percentage of dry weight” (which would indeed be of very limited use in
genome-scale models), we processed the data as follows.

To reflect that the biomass equation is initially determined by quantifying its compo-
nents in broad categories, the biomass equation itself simply specifies these categories
as fictitious metabolites, with their stoichiometric coefficients equal to their respective
contribution to a gram of biomass. Thus, the biomass equation simply states that a
gram of biomass consists of e.g. 0.036 grams of RNA, etc.

For this to work in a model that uses millimoles as a primary unit, a transformation
to this unit is required, and this takes place at the level of the broadly categorized
biomass components. As the subcomponents of these components (and their relative
quantities and molecular weights) are known, we can calculate the molecular weight of
1 (milli)mole of this component. For instance, RNA is composed of adenine, cytosine,
guanine, and uridine, and their relative contributions to the RNA fraction are known.
Thus, we can calculate the weight of “1 RNA” by multiplying these relative contribu-
tions by the molecular weight of each nucleotide. By scaling the result of this step to 1
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MW

RNA fraction: 0.038 g gDW-1

FractionComponent

Correct for
PPi, MW: -143.96

Rel. contrib.
ATP 0.176 507.18 63.825
CTP 0.315 483.16 106.752
GTP 0.341 523.18 129.227
UTP 0.169 484.14 57.420

357.225 mg
+

Scale fractions by 0.357-1
to produce 1 g RNA

MWFractionReactant Rel. contrib.
M_atp_c 0.491 507.18 178.670
M_ctp_c 0.881 483.16 298.838
M_gtp_c 0.954 523.18 361.754
M_utp_c 0.473 484.14 160.738

1000.000 mg
++

2.916

Product

M_ppi_c 2.916
M_RNA 1.000

Include 0.038 (g) M_RNA 
in biomass equation

Figure 6.5: Conversion of the (known) composition of a biomass fraction to one gram of that
fraction for inclusion in the biomass reaction. In the case of RNA, for each nucleotide, we first
multiply its relative contribution to total RNA (in this case, determined from rRNA sequence) by
its molecular weight. Since polymerization of nucleotides into RNA results in a pyrophosphate
(PPi) being expelled, the molecular weight of PPi must be subtracted from the nucleotide’s before
multiplication. The sum of these products is the weight of one fictitious millimole of RNA. When
all fractions are scaled by the inverse of this number and the calculation is repeated, the result
will be 1 gram of RNA. In our case, we know we need 0.038 gram of RNA per gram of biomass,
so we can simply include 0.038 “RNA” in the biomass reaction. The subcompositions of the other
biomass components were converted and modeled in a similar fashion.

gram, we can intuitively add fractions of this “gram of RNA” to total biomass, and do
the same for all other components (Figure 6.5).

For biomass components that are polymers (proteins are polymers of amino acids,
RNA and DNA are polymers of NTPs and dNTPs, respectively), the production of
these polymers results in the exclusion of water or diphosphate from the participating
monomers. As a result, the molecular weight of a monomer is reduced by the weight
of the excluded parts once it is included in the polymer, and we took this into account
when performing the transformation from biomass components to biomass.
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Including the energy requirements for maintenance and proliferation

To account for the energy cells expend for maintenance and for the anabolism of biomass
components, biomass equations typically include an ATP requirement. The 1969 paper
on this topic by Kilburn et al. is a prominent resource for this information [338], as
evidenced by its pervasive use in genome-scale modeling. Kilburn et al. report an ATP
requirement of 1.6 x 10−11 mole per cell for proliferating cells, which includes both
maintenance and proliferation. By multiplying this number by the cell count per mL
of culture, and then dividing by the measured dry weight (in grams) per mL of culture,
we arrive at an ATP requirement of 154 mmol gDW−1. This figure, although it may
seem large at first, is consistent with what is used in previous biomass equations, as
the ratios between it and the stoichiometric coefficients of other biomass components
are comparable.

Inclusion of the biomass equation in Recon 2.1

We included the new biomass equation in the Recon 2.1 model in the form of five sub-
reactions (DNA, RNA, lipids, protein, and carbohydrates) and one biomass reaction in
which they and the ATP requirement for maintenance and proliferation come together.
Each subreaction produces a gram of the respective biomass component (e.g. RNA)
from its subcomponents (in the case of RNA, ribonucleotides; see Figure 6.5 for an
example). This way, the fictitious metabolite (“RNA”) can then be included in the final
biomass reaction in the desired quantity (in grams).

For the purposes of our study, the model’s objective was changed to maximization of
flux through the new biomass reaction, and constraints on it and its subreactions were
set to make them irreversible. To ensure the more detailed new lipid requirements
for biomass productions could be met, five essential fatty acids were additionally
specified to be in the medium (that is, the constraints on their exchange reactions were
set to allow importation of these lipids). These fatty acids were margaric acid, linoleic
acid, α-linolenate, behenic acid, and nervonic acid (Table 6.4). The resulting model,
which we used for the remainder of the analyses described in this chapter, comprises
8095 reactions and 9209 metabolites. We have made it available for download at
http://www.joostboele.nl/thesis/.

Modeling analyses using the modified human model

To compare the effects of using a new, more detailed biomass equation to using the
old one, we took the following approach. All simulations were performed using the
Python Simulator for Cellular Systems (PySCeS) [147]. First, we disabled all reactions
that were not elementally balanced, and removed seven metabolites from the old
biomass equation that had become dead ends because of this process.
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Then, to be able to compare growing models, we determined a minimal medium
that would sustain growth with the selected biomass equation as the objective function.
We then performed a comparative FVA as described below.

We repeated the entire analysis using RPMI 1640 augmented with five essential
fatty acids (RPMI 1640+) as the growth medium, instead of the bare-bones minimal
medium we determined earlier.

Removal of elementally unbalanced reactions

Using the fbc:chemicalFormula attribute of each species (which in turn derived from
the FORMULA field in the notes nodes of Recon 2) and the stoichiometric coefficients in
each reaction, we determined the number of atoms of each element on each side of the
reaction. If for any element the number of atoms was not the same on both sides of the
reaction, the reaction was flagged as unbalanced and disabled by setting its upper and
lower bounds to zero.

We did not disable the original biomass reaction (which strictly speaking was also
unbalanced), because we wanted to compare our new biomass equation to it. Instead,
we removed from its reactants side the seven R-group metabolites which caused the
imbalance, since no non-R-group equivalents to these molecules could be found in the
model. The metabolites removed from the biomass equation are shown in Table 6.5.
It should be noted that removing these lipids from the biomass equation does not
substantially affect the analyses described here or the results displayed in Figures 6.3
and 6.4, as these metabolites can only be produced using unbalanced reactions (i.e.,
they can be made “out of thin air”) or directly imported from the environment (which
does not affect the flux distribution, as it bypasses metabolism). The resulting biomass
reaction was functional and balanced, albeit slightly leaner than before. In total, 339
(out of 8095) reactions were disabled because of elemental imbalances.

Determination of the minimal medium for a given model

A “minimal medium” is one that has the fewest components. However, in order
to properly model this we need to first quantify “fewer”. One classical approach,
generally applied to internal fluxes, is that of “flux minimization” which assumes that
a cell has to produce more protein (enzyme) in order to carry a larger flux through
a reaction. Therefore for a cell to be efficient, for any particular optimal objective
function (e.g. max growth), there exists a solution which minimizes the maximal flux
of each reaction needed to achieve that optimum. Practically, this is implemented by
minimizing the sum of absolute fluxes, which allows this to be applied to reversible
reactions without bias towards the reverse reaction. Generally, flux minimizations
are relatively simple to calculate using a linear program (LP), and the procedure is
implemented in most CBM/FBA software.

108



Identifier Description in model Chemical formula in model

M_clpn_hs_c Cardiolipin C9H16O9P2(RCO2)4

M_pail_hs_c 1-phosphatidyl-1D-myo-inositol(1-) C9H16O9P(RCO2)2

M_pchol_hs_c Phosphatidylcholine C8H18NO4P(RCO2)2

M_pe_hs_c Phosphatidylethanolamine C5H12NO4P(RCO2)2

M_pglyc_hs_c Phosphatidylglycerol(1-) C6H12O6P(RCO2)2

M_ps_hs_c Phosphatidylserine C6H11NO6P(RCO2)2

M_sphmyln_hs_c Sphingomyelin betaine C23H48N2O5P(RCO)

Table 6.5: R-group metabolites in the original Recon 2 biomass equation. As all reactions these
metabolites participate in are unbalanced by definition, they were removed from the biomass
reaction in order to perform the analyses described in this chapter. Metabolite identifiers, de-
scriptions and chemical formulae are taken from the Recon 2 SBML file. For readability, in the
chemical formulae, “FULLRCO2” and “FULLR2CO2” are shortened to (RCO2), and FULLRCO is
shortened to (RCO).

Modifying this method slightly to only minimize a selected set of transporters
(e.g. 300 potential uptake reactions) does result in a minimal medium; however, we ob-
served that the algorithm resulted in a significant number of transporters each carrying
a small flux. If one considers that, in general, transporters are large, multimeric protein
complexes that are expressed in relative low numbers (relative to metabolic enzymes),
and that they are not easily saturated with substrate, then it seems highly unlikely that
a “large number of low flux carrying transporters” strategy would be adopted by the
cell.

As an alternative, we propose that it is more likely that the cell minimizes the num-
ber of active transporters used to achieve a specific objective rather than the combined
flux passing through them. We therefore define a minimal medium as a medium which
requires the smallest number of active transporters (uptake reactions) needed to satisfy
a particular objective (in our case, biomass production).

We can algorithmically generate such a minimal medium by using a mixed integer
linear program (MILP). In addition to the standard FBA LP formulation (constraints
and flux bounds, cf. Equation 1.7), we introduce binary variables (zi) to control whether
a flux is on (a non-zero flux) or off, and a constraint that fixes the objective to a specific
target value (Jopt ≥ optarg). This MILP is described in Equation 6.1 and is analogous to
an approach used in [345].
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minimize
∑i

1 zi

such that:

NJ = 0

Jopt ≥ optarg

zi = 0→ Ji = 0

lbn ≤ Jn ≤ ubn

zi ∈ {0 : 1}

(6.1)

The solution space of this MILP includes exchange reactions that must always be
part of the minimal medium, and/or sets of exchange reactions that can be substituted
for one another. An example of the latter is the requirement for a phosphate source: the
cell can consume inorganic phosphate, but ATP and many other phosphate-containing
molecules would be adequate as well. In such cases, we selected the metabolite that
made the most sense from a biological point of view to be part of the minimal medium.

Comparative flux variability analysis

With a minimal medium determined for models with the old or new biomass equation,
we then performed an FVA on each of these models, with as input flux bounds only their
respective minimal medium. Based on the results, each reaction was then categorized
into one of the following classes: reactions that cannot carry flux under these conditions,
reactions with flux ≤ 0, reactions with flux ≥ 0, reactions with flux < 0, reactions with
flux > 0, reactions with lower bound < 0 and upper bound > 0, and reactions that
either returned an infeasible status when performing the FVA or whose minimum and
maximum fluxes were moot (e.g. the biomass equations and their subreactions).

For the categories of reactions that must carry flux in one direction or the other (flux
< 0 or > 0), we then determined which reactions had this property in the FVA results
of one model but not of the other. Of these reactions, we looked up the annotated
subsystem in the model, to get an indication of the structural differences between the
models with different biomass equations.

Since the minimal medium we determined was indeed quite minimal, and con-
tained a peptide that is rarely on the menu for human cells in culture (kinetensin), we
repeated the analysis after setting the exchange reaction constraints to mimick RPMI
1640 medium. To do so, the ingredients of RPMI 1640, as reported by the manufacturer
in g/l, were converted to mM, and the essential lipids our earlier analysis identified were
added to the simulated medium to ensure both biomass reactions would be supported.
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