
Kim et al., Sci. Adv. 2019; 5 : eaau0149     16 January 2019

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

1 of 12

S Y S T E M S  B I O L O G Y

Universal scaling across biochemical networks on Earth
Hyunju Kim1,2*, Harrison B. Smith2*, Cole Mathis1,3, Jason Raymond2, Sara I. Walker1,2,4,5†

The application of network science to biology has advanced our understanding of the metabolism of individual 
organisms and the organization of ecosystems but has scarcely been applied to life at a planetary scale. To char-
acterize planetary-scale biochemistry, we constructed biochemical networks using a global database of 28,146 
annotated genomes and metagenomes and 8658 cataloged biochemical reactions. We uncover scaling laws govern-
ing biochemical diversity and network structure shared across levels of organization from individuals to ecosystems, 
to the biosphere as a whole. Comparing real biochemical reaction networks to random reaction networks reveals 
that the observed biological scaling is not a product of chemistry alone but instead emerges due to the particular 
structure of selected reactions commonly participating in living processes. We show that the topology of bio-
chemical networks for the three domains of life is quantitatively distinguishable, with >80% accuracy in predict-
ing evolutionary domain based on biochemical network size and average topology. Together, our results point to 
a deeper level of organization in biochemical networks than what has been understood so far.

INTRODUCTION
There is increasing interest in whether biology is governed by gen
eral principles, not tied to its specific chemical instantiation or con
tingent upon its evolutionary history (1–3). Such principles would 
be strong candidates for being universal to all life (4, 5). Universal 
biology—if it exists—would have important implications for our 
search for life beyond Earth (6–9), for engineering synthetic life in 
the laboratory (10, 11), and for solving the origin of life (12, 13). 
Systems biology provides promising quantitative tools for uncover
ing such general principles (14–16). So far, systems approaches have 
primarily focused on specific levels of organization within biological 
hierarchies, such as individual organisms (17, 18) or ecological commu
nities (19, 20), and have rarely been applied to the biosphere as a whole. 
However, biology exhibits some of its most notable regularities mov
ing up in levels of organization from individuals to ecosystems, and 
these regularities may only truly manifest at the level of ecosystems 
and, ultimately, the biosphere (21, 22). For example, while individual 
organismal lineages fluctuate through time and space, the functional 
and metabolic composition of ecological communities is stable (23, 24). 
To understand the general principles governing biology, we must 
understand how living systems organize across levels, not just within 
a given level (25–27).

To explore regularities within and between levels of organization, 
we adopt a network view of biochemistry (17, 28–30) by constructing 
biochemical reaction networks from genomic and metagenomic data. 
We show that biochemical networks share universal organizational 
properties across levels, characterized by scaling laws determining 
how topology and biochemical diversity change with network size. 
These scaling relations exist independent of evolutionary domain 
or level of organization, applying across the nested hierarchy of in
dividuals, ecosystems, and the biosphere. The biochemical diversity 
and network properties driving this scaling behavior are predictive 
of evolutionary domain, indicating that the biochemical network 

structure for each domain is distinct even though all three conform 
to the same scaling behavior. Our results provide a first quantitative 
demonstration that the application of network theory at a planetary 
scale can uncover properties existing across different levels of orga
nization within the biosphere and can be predictive of major divisions 
within a given level (such as evolutionary domains). On the whole, our 
results provide new paths forward for identifying universal properties 
of life.

Our analysis begins with a global database of genomes and meta
genomes, sampled from across life on Earth. We leverage available 
existing annotated genomic data representing the three domains of 
life, including genomes of 21,637 bacterial taxa and 845 archaeal 
taxa from the Pathosystems Resource Integration Center (PATRIC) 
(31), and 77 eukaryotic taxa from the Joint Genome Institute (JGI) 
(32). Our metagenomic data include 5587 metagenomes from JGI, 
cataloging ecosystemlevel biochemical diversity across the planet 
(see Fig. 1).

From these data, we constructed biochemical networks for each 
individual organism (genome) and ecosystem (metagenome) using re
action data cataloged in the Kyoto Encyclopedia of Genes and Ge
nomes (KEGG) (33). Building on prior work studying biospherelevel 
models of metabolism (34–36), we use the database of all 8658 en
zymatically catalyzed reactions cataloged in KEGG (at the time of data 
retrieval) as a proxy for the biochemistry of the biosphere as a whole, 
modeled as a “soup of enzymes” by disregarding the boundaries of 
individual species (19). Network representations of ecosystemlevel 
and biospherelevel biochemistry are “compartment free” in that no 
knowledge of individual species is included. Previous topological anal
yses of biochemical networks have primarily focused on the subset 
of biochemical reactions associated with metabolism (29, 30). Since 
we are interested in properties universal across life, and not just 
subsets of living processes, we instead construct networks inclusive 
of every known catalyzed reaction (regardless of pathway) coded 
by the respective genome or metagenome, provided the reaction is 
cataloged in KEGG.

Adopting a network representation allows systematic quantifi
cation of topological properties using graph theory and statistical 
mechanics (16, 17, 37–42). Using two different graph projections, we 
compare biochemical networks across levels to test whether they are 
similar or different and compare to biologically motivated, randomly 
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sampled networks (see Materials and Methods for details on net
work construction). Our use of the term “random” herein refers to the 
random sampling procedures we implement to generate ensembles 
sharing some—but not all—properties with the ensemble of real 
biochemical networks (described below and in the Materials and 
Methods). These are specifically used to isolate those properties of 
the real biochemical networks driving the reported scaling behavior 
and should be distinguished from more generic random networks, 
such as ErdösRényi random graphs typically contrasted to chemical 
or biochemical networks (see, e.g., (28, 43, 44)). A widely implemented 
framework for assessing commonality across different systems is to 
look at their scaling behavior (45–50). If scaleinvariant properties 
are found, then it can be suggestive of deeper, underlying organizing 
principles (3, 51, 52), such as when distinctive scaling laws emerge in 
critical systems (53). We therefore sought to determine whether bio
chemical networks display scaling laws governing their topology and 
chemical diversity, which are similar across levels, indicative of the 
existence of selforganizing principles universal across biological levels.

There are three alternative scenarios to be tested relating network 
structure across individuals, ecosystems, and the entire biosphere; each 
is shown in Fig. 2. In the first, biochemistry does not have shared net
work structure across levels, and different scaling behaviors emerge 
at different levels. In the second scenario, biochemistry has shared 
network structure across levels, but this shared structure can be fully 
explained by the structure of random chemical networks (generated 
from random collections of biochemical reactions used by biology). 
In this case, real biochemical reaction networks would be statistically 
indistinguishable from random reaction networks, implying that the 
selforganizing principles are solely chemical and not biological in 
origin. In a third scenario, biochemistry has shared structure across 
levels, which is different from that of random reaction networks. We 
find the third scenario to be consistent with our analysis, suggesting 
the presence of universal organizing principles unique to biology that 

recur across biological levels of organization. We show that these can 
be explained as an emergent property of the topological structure of 
the most common reactions participating in living processes.

Before proceeding to the details of our results, it is worth noting 
the wellknown challenges associated with the introduction of statis
tical artifacts when coarse graining realworld systems to generate 
graphical representations (54, 55). For example, bipartite network 
representations of biochemistry (treating reactions and substrates as 
two disjoint sets of nodes) have information that cannot be recov
ered from unipartite representations (which treat only substrates as 
nodes). The challenge of choosing a projection arises because bio
chemical networks are themselves a multilayer system consisting of 
enzymes and their catalyzed reactions; enzymes (often abstracted 
away in network representations) control the biological organization 
we aim to characterize. To ensure that the regularities we report are 
reflective of the true underlying organization of biochemistry and 
are not statistical artifacts introduced by a specific choice of coarse 
graining, we therefore consider both a unipartite and bipartite pro
jection in our analysis (54). We also compare catalytic diversity—
quantified in terms of the number of enzymes and reactions—across 
levels, which is independent of network representation. As we will 
show, common scaling laws describing biochemical networks across 
levels of organization are consistently observed in each of these dif
ferent views of biochemistry, confirming our results are independent 
of the type of network representation.

One remaining consideration once a network representation is 
adopted is how to analyze it. So far, the majority of network analyses 
applied to biochemistry have focused on the “scalefree” structure 
of metabolic networks (28, 56, 57). For example, in a seminal paper 
by Jeong et al. (28), it was shown (using a unipartite representation) 
that metabolic networks from all three domains of life exhibit the 
characteristic powerlaw degree distribution of a scalefree network, 
with similar scaling exponents for bacteria, archaea, and eukaryotes. 

Fig. 1. Enzyme diversity of ecosystems across Earth. Shown is the geographical distribution of the 5587 ecosystems in our study, colored by the number of different 
enzyme functional classes [enzyme commission (EC) numbers] encoded in sampled metagenomes (data from JGI). Despite large variances in the enzyme diversity and 
what enzymes are present in each ecosystem, all ecosystems sampled are found to conform to the same scaling behavior for biochemical diversity and topology as a 
function of biochemical network size (see Fig. 3).
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This and other previous work have focused primarily on properties 
within single instances of a network (e.g., an individual organism’s 
metabolism), with similar structure to biology (such as the scalefree 
property) reported in chemical networks more generally (43, 44, 58, 59). 
However, as we stated earlier, our interest is in looking at properties 
across networks (e.g., describing ensemble properties of biochemical 
networks at the individual and ecosystem levels). We therefore focus 
on topological measures such as average shortest path length, aver
age clustering coefficient, and assortativity (degree correlation co
efficient), which are directly comparable across different networks, 
allowing us to make statements about regularities existing across 
biochemistry sampled from different levels of organization in a man

ner that has not been possible in previous work focusing only on a 
given level.

RESULTS
Scaling laws describe biochemical networks and catalytic 
diversity across levels
Organisms can vary widely in their number of genetically encoded 
reactions, and ecosystems generally include more encoded reactions 
than individuals do. We therefore compared topological properties 
relative to the size of biochemical networks as a relevant scaling pa
rameter for our analysis. We defined network size as the number of 
molecules connected through catalyzed reactions within the largest 
connected component (LCC) for a given biochemical network. We 
focused analyses on the LCC since some measures are not defined on 
disconnected networks. The LCC included >90% of compounds for 
all but the smallest networks in our study, and >97% of compounds 
for the largest (see section S2, fig. S1, and table S1). The fact that 
the LCC is not 100% of the network could be attributable to missing 
data in the annotation of genomes and metagenomes. We therefore 
verified that our results are not sensitive to a similar magnitude of 
missing data by confirming the scaling trends reported here are not 
affected when 10% of nodes are randomly removed (see fig. S2). 
Furthermore, our results reported below suggest larger proportions 
of missing data (as often occurs for genomes or metagenomes miss
ing many annotated genes) would not significantly affect our re
sults, as we find the reported scaling behavior is primarily driven by 
the topological structure of the most common reactions found across 
all of biology. We also verified that our results hold when analyzing a 
more balanced subset of our data, avoiding disproportionately large 
contributions by genetically similar taxa (see figs. S8 and S9).

We calculated several frequently implemented topological measures 
for the LCC for each network (see section S2). We classified properties 
(e.g., topological or diversity measures) as universal when they scale in 
the same way across levels. We identified these cases by properties that 
scale according to the same fit across levels (e.g., network average clus
tering coefficient scales linearly with network size for both individ
uals and ecosystems, and we thus identified this scaling as universal 
across levels). Shared fit functions across levels suggest mechanisms 
driving the structure of biochemical networks may be independent 
of level of organization; in such a case, individuals and ecosystems 
could both be subject to the same general principles acting to architect 
them. That is, we did not require the scaling coefficients to be exactly 
the same (indicating the tuning of mechanisms generating structure 
in individuals and ecosystems), but we did require the same fit to be 
shared across our data (indicating the possibility of shared generative 
mechanisms) to qualify as universal.

To test whether biology exhibits universal scaling behavior across 
levels, we first determined how topological properties and biochem
ical diversity vary with size for all individuals and ecosystems in our 
dataset. Measured values for the unipartite representation and cata
lytic diversity (enzymes and reactions) are shown in Fig. 3 as a func
tion of network size (see fig. S4 for data on bipartite representation, 
which exhibits similar consistency across levels). We found individuals 
and ecosystems scale according to the same functional form for each 
network and diversity measure, with similar scaling coefficients (for 
fits and confidence intervals, see data file S1). Scaling for individuals 
and ecosystems is therefore universal. For some measures (assortativ
ity and betweenness), the biosphere fell within the 95% confidence 

Fig. 2. Three alternative scenarios for how biochemical network structure 
might be similar or dissimilar across levels of organization. For each scenario, 
illustrative plots show examples of scaling behavior of some network property as 
function of network size, where each data point corresponds to the measure for a 
single instance of a network. In the first (A), biochemistry does not exhibit common 
network structure across levels, and different properties emerge at different levels. 
In the second (B), biochemistry has a common network structure across all levels, 
but this structure is also shared by random chemical networks. In the final scenario 
(C), biochemistry has shared structure across all levels, which is different from that of 
random chemical networks. Our results are consistent with this third scenario, indica-
tive of universal organizing principles recurring across biological levels, which are 
unique to biology (not shared by random chemistry), which we show arises due to the 
network structure of common reactions shared across life on Earth.
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interval observed for fits of ecosystem level scaling. An exception is 
clustering coefficient, where the biosphere significantly departed from 
the observed ecosystem scaling: This could be attributable to missing 
data on global enzymatic diversity (which falls slightly below what our 
scaling laws would predict). Topological measures that scaled fol
lowing powerlaw fits (y = y0 x, where  = ind for individuals and 
 = eco for ecosystems) included the following: average betweenness 

(ind = −1.1581, eco = 1.136), average shortest path length (ind = −0.117, 
eco = −0.084), and number of edges (ind = 1.219, eco = 1.243). Both 
biochemical diversity measures also scaled according to powerlaw fits: 
number of enzyme classes (a proxy for enzymatic diversity) (ind = 1.294, 
eco = 1.838) and number of reactions (ind = 1.229, eco = 1.319). 
Average clustering coefficient scaled with a linear fit (y = mx + y0, 
m = mind for individuals and m = meco for ecosystems) for individuals 

Fig. 3. Common scaling laws describe biochemical networks across levels of organization. Scaling of biochemical measures for individuals (left column) and ecosys-
tems (right column) shared the same functional form for biochemical diversity (enzyme and reaction diversity) and for topological measures. Shown from top to bottom 
are the following: (A) number of reactions (NR) and number of enzyme classes (NEC). (B) Average shortest path (<l>) and average clustering coefficient (<C>). All measures 
are as a function of the size of the LCC (NCompounds). Ecosystems include metagenomes (red) and the biosphere-level network (Earth icon). Fits for each dataset (solid lines) are 
shown with 95% confidence intervals (dashed lines). For reference, shown in light gray are data for all biochemical networks (individuals, ecosystems, and biosphere). 
Additional measures are shown in fig. S3, and scaling for bipartite networks is shown in fig. S4.
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and ecosystems (mind = 3.77 × 10−5, meco = 3.32 × 10−5). These results 
rule out the possibility that scaling laws are level specific (Fig. 2A). 
The observed scaling laws confirm biochemical networks exhibit 
shared structure across levels of organization, where network prop
erties and biochemical diversity are largely determined by size as 
the relevant scaling parameter.

Real networks exhibit different scaling behavior than 
random chemical networks
The observed universal scaling across individuals and ecosystems 
could be unique to biology, or it could arise due to selforganizing 
principles of chemistry. If the latter is true, then we should expect 
randomly sampled chemical networks to exhibit the same fit func
tions across networks as real biochemical networks do. Testing this 
possibility requires comparison to randomly sampled chemical net
works, which must be generated with an appropriate biologically 
relevant control to be informative (60). Since we are interested in the 
global organization of biochemistry, we constructed control random 
chemical reaction networks (henceforth called random reaction net
works) by merging randomly sampled reactions from the KEGG 
database following a flat distribution, where all reactions are equally 
likely to be sampled (see Materials and Methods for details on net
work construction). This random sampling produces ensembles of 
random reaction networks that globally (over the ensemble) share 
the same chemical reactions as our biosphere.

We performed the same analyses on the ensemble of random 
reaction networks as real biochemical networks. We observed that 
random reaction networks do not scale according to the same func
tional form as biochemical networks for some network topology 
measures (Fig. 4, first column). The fits for average clustering co
efficient of random reaction networks favored a powerlaw function 
(y = y0 x, with ran = 0.6401), compared with the linear function 
favored by the biochemical networks. Fits for assortativity favored a 
linear function for random reaction networks (y = mx + y0, mran =  
−4.5255), whereas for biochemical networks, it was found to not 
scale with size (data file S1). That is, there are certain aspects of the 
topology of random reaction networks that scale with network size 
in a manner that is entirely distinct from that of real biochemistry. 
The qualitative differences in scaling behavior indicate the real and 
random biochemical networks represent different universality classes. 
In addition to these qualitative differences in scaling behavior, we 
also observed statistically significant quantitative differences in the ran
dom chemical networks: Scaling relationships for randomly sampled 
biochemical networks did not overlap with real biological individuals 
in many cases. Topological measures in random reaction networks 
that scaled according to powerlaw fits (y = y0 x,  = ran for random 
reaction networks) included the following: average betweenness (ran =  
−1.0595), average shortest path length (ran = −0.0543), and num
ber of edges (ran = 1.2459). Both biochemical diversity measures 
also scaled according to powerlaw fits: number of enzyme classes 
(ran = 1.10156) and number of reactions (ran = 1.3590). We con
clude that the organizational properties of random chemical networks 
cannot alone explain the scaling laws observed for real biochemical 
networks.

Scaling laws represent shared constraints reemerging  
across levels
Our results establish that Earth’s biochemistry exhibits universal 
scaling behavior across levels of organization not explainable by the 

organizational patterns of randomly sampled chemistry alone. A 
natural next question is whether ecosystems inherit their properties 
from individuals, or whether they instead exhibit similar structure 
due to similar constraints reemerging at different levels. Addressing 
this requires determining whether scaling behavior for individuals 
is statistically distinguishable from ecosystems. We assumed as a 
null hypothesis that scaling relationships are consistent across levels 
of organization, and we performed a permutation test (61) using the 
scaling coefficient as the test statistic (see “Fitting network measure 
scaling and permutation tests” section in Materials and Methods). 
We found that scaling relationships are not distinguishable for indi
viduals and ecosystems when analyzing average node betweenness 
and average shortest path length (table S2). However, scaling coeffi
cients were distinguishable for a number of reactions, number of edges, 
number of enzyme classes, and mean clustering coefficient, with P < 
10−5 in most cases. Confidence intervals on scaling coefficients for 
ecosystem topology were narrower than for individuals, indicating that 
ecosystem scaling is more tightly constrained. Although biochemical 
networks for individuals and ecosystems shared a similar scaling be
havior, they were not drawn from the same distributions, allowing the 
possibility that shared constraints operate at each level separately.

We next sought to identify sufficient constraints for recovering 
the observed scaling across levels. To do so, we constructed a differ
ent ensemble of random reaction networks by merging randomly 
sampled reactions from the KEGG database, but this time weight
ing the sampling frequency of biochemical reactions by the number 
of individual genomes where the reactions are found (henceforth 
called frequencysampled random reaction networks; see Materials 
and Methods for details of their construction). This random sampling 
produced ensembles of random chemical networks that, as before, 
globally (over the ensemble) share the same reactions as our bio
sphere, but also had the additional property of sharing the same fre
quency distribution of reactions over “individuals” as our biological 
dataset. This random ensemble therefore more closely reproduced 
properties of real biological networks than those introduced in the 
previous section. Since most highly connected nodes (participating 
in many reactions) are common to all three domains, e.g., adenosine 
5′triphosphate (ATP) and H2O (28, 62), this sampling procedure 
yielded random control networks that tended to include the most com
mon compounds used by life. We found the scaling behavior of this en
semble of random networks much more closely matched the observed 
scaling trends in real biology (Fig. 4, second column). Whereas we 
observed qualitative differences for scaling of clustering in the previous 
case, here the fit function was the same as for the clustering coefficient 
for both the real biochemical networks and the frequencysampled 
random reaction networks. All fit functions were the same as those 
for real biochemical networks, with the exception of assortativity. In 
addition, for measures sharing the same fit functions, fewer measures 
distinguished biological networks from frequencysampled random 
reaction networks than from random reaction networks without this 
constraint. We can therefore conclude that the network structure of 
the most frequently occurring reactions across life on Earth is an im
portant driver of the observed scaling behavior for the real networks.

To further confirm that scaling emerges due to these shared prop
erties across all life, we next generated simulated ecosystemlevel net
works by merging randomly sampled genome networks from each 
domain individually and from all three domains together (see Supple
mentary Materials and Methods for details on network construction). 
This allows us to determine how scaling behavior could be the same or 
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different for an archaeasphere (archaea alone), bacteriasphere (bac
teria alone), eukaryasphere (eukarya alone), or artificial ecosystems 
(all three domains) (Fig. 4, third column). We found that the function
al forms of scaling relationships were the same for real ecosystems and 

these randomly merged organismal networks (hereafter called random 
genome networks). This result was somewhat unexpected given it is not 
in general true that randomly selected subnetworks of a network have the 
same structure as the original network (e.g., individuals as subnetworks 

Fig. 4. Scaling laws distinguish biochemical networks from random networks across levels of organization. Shown are random reaction networks created by sampling 
biochemical reactions from a flat distribution (left column), frequency-sampled random reaction networks created by sampling reactions based on the frequency distribution 
observed across all organisms (center column), and random genome networks (right column). Merged networks composed of individuals include bacteria only (light blue), 
archaea only (dark blue), eukarya only (blue-green), and all domains combined (purple). (A) Scaling of biochemical diversity. Diversity measures and fit are as described in 
Fig. 3. For reference, all real biochemical network data from Fig. 3 are shown in light gray. Additional measures are shown in fig. S5. (B) Scaling of network structure. Measure 
and fit descriptions match those described in Fig. 3. For reference, all real biological networks from Fig. 3 are shown in light gray. Additional measures are shown in fig. S5, and 
scaling for bipartite networks is shown in fig. S6. We found that random reaction networks do not recover the same fit functions as real biological networks for assortativity and 
clustering, whereas frequency-sampled random reaction networks and random genome networks only differed for assortativity, but nonetheless were statistically distinguish-
able from real biochemical networks for some measures.
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of ecosystems do not necessarily have to share the same structure) 
(63). However, we also checked whether scaling exponents and co
efficients are statistically distinguishable for real ecosystems and ran
dom genome networks, using the same permutation tests as before, 
and found that they were for most measures (see table S2). Random 
genome networks and real ecosystems exhibited exponents distinguish
ing their scaling coefficients for most topological measures and for 
a number of enzymes, with P < 10−5. Scaling of betweenness was indis
tinguishable between the two datasets. These results indicate that 
random genome networks differ from real ecosystems in many of the 
same ways individuals do. However, just as scaling of assortativity 
qualitatively distinguished individual biochemical networks from the 
frequencysampled random reaction networks, scaling of assortativ
ity also distinguished random genome networks from real ecosystems, 
whereas it did not distinguish real individuals from real ecosystems 
(Fig. 5). Taken as a whole, these results suggest that scaling behavior 
for real ecosystems arises due to organizing principles operative at the 
level of ecosystems and is not solely an emergent property due to 
merging individuallevel networks.

Combining these results for frequencysampled random reac
tion networks with that of random genome networks indicates that 
the existence of individuals sharing a common set of biochemical 
reactions is a sufficient condition for networks of all sizes (from small 
individuals to large ecosystems) to exhibit the scaling behavior ob
served in real living systems. Together with the results of the previ
ous section, we can conclude that the particular form of the scaling 
relations observed across life on Earth emerges due to the structure 
of interactions among compounds common across all life, which 
is not in general characteristic of nonbiological chemical reaction 
networks.

Network structure predicts evolutionary domain
Any general organizing principles in biology must be consistent 
with the variation responsible for the diversity of life we are already 
familiar with. Since the three domains of life represent the most sig
nificant evolutionary division in the history of life (64), we therefore 
also tested whether network structure can distinguish individuals 
sampled from the three domains (see “Predicting evolutionary do
main from topology” section in Materials Methods). To approach 
this question, we first investigated compounds shared across all do
mains to determine which compounds are distinct to each domain 
and which are universal to all three. We identified the contributions 
of each domain to the biosphere as a whole by comparing compounds 
at the biosphere level to those across the networks of individuals, 
identified by evolutionary domain. We did so by identifying which 
compounds were unique to each domain and which were shared across 
all three domains, determined from annotated data in the 22,559 ge
nomes in our dataset. At the biosphere level, 0.44% of compounds were 
unique to archaea, 3.14% were unique to bacteria, and 17.08% were unique 
to eukarya, reaffirming that each domain represents significantly dif
ferent metabolic strategies and genetic architectures, as is well estab
lished by earlier work (64). However, it is also well established that all 
life on Earth shares a common set of core biochemistry (65): A higher 
percentage of compounds, constituting 37.23% of the biospherelevel 
network, were shared across all three domains in our dataset (Fig. 6, 
A to D), including hubs such as ATP and H2O, as mentioned previ
ously. Since many more chemical compounds were shared across 
all three domains than are unique to each, one might a priori expect 
the organization of these compounds into biochemical networks to 
not be predictive of domain.

We found the opposite to be true: Despite a large fraction of 
shared biochemical compounds, the organization of those com
pounds into networks was distinct for each domain. We found in 
most cases, that average topology normalized to size could reliably 
predict evolutionary domain (Fig. 6E). In many cases, the predic
tion accuracy was >80%, when only a single topological measure 
was used. By contrast, topology or size alone provided significantly 
less accurate predictions. This demonstrates that biochemical net
work structure can be predictive of the taxonomic diversity of indi
viduals. Combined with our other results, this suggests the same 
biochemical network properties (topology and catalytic diversity) 
driving regularity across levels of organization can also be predic
tive of major evolutionary divisions within a given level, providing 
evidence the regularities identified herein are consistent with a sig
nature of global organizing principles for biochemistry.

DISCUSSION
Our analyses reveal that biochemical networks display common scal
ing laws governing their topology and biochemical diversity that  
are independent of the level of organization they are sampled from. 
These scaling laws cannot be fully explained by the structure of ran
dom reaction networks that do not account for the structure of the 
subset of reactions shared across life on Earth. We were also able to 
confirm that the same topological regularities occurring across levels 
of organization within the biosphere can be predictive of evolutionarily 
divisions within a level, using the three domains as an exemplar. 
Collectively, our results indicate a deeper level of organization in 
biochemical networks than what is understood so far, providing a 
new framework for understanding the planetaryscale organization 

Fig. 5.  Scaling laws for individuals and ecosystems are statistically distinguish-
able for some network and catalytic diversity measures. Shown are the results 
of a permutation test to determine whether properties of biochemical networks 
constructed from individual genomes scale differently than those constructed 
from metagenomes (ecosystems). For each network measure, the test statistic is 
shown as a vertical dashed line, while the null distribution is shown as a solid line 
(see “Fitting network measure scaling and permutation tests” section in Materials 
and Methods on for more details). Blue squares indicate that the scaling behavior 
is indistinguishable between levels of organization, while green squares show 
measures that can distinguish scaling of individuals from that of ecosystems.
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of biochemistry and how nested hierarchical levels are structured 
within it.

A key implication of our analysis is the importance of individ
uals sharing a common set of biochemical reactions in shaping the 
universal scaling laws observed across hierarchical levels. Scaling laws 
often emerge in systems, where universal mechanisms operate across 
different scales, yielding the same effective behavior independent of 
the specific details of the system. It is in this sense that scaling laws 
can uncover universal properties, motivating their widespread use 
in physics and increasing application to biology (45, 49, 51, 66–69). 
Here, we have shown the relevant scaling parameter for biochemical 
organization is the number of biochemical compounds (in a network 
representation this is the size of the network). Individuals, ecosystems, 
and the biosphere obey much the same scaling behavior for biochem
ical network structure, indicating that the same universal mechanisms 
could operate across all three levels of organization. In physics, this 
kind of universality usually implies there is no preferred scale or 
basic unit. However, in the biological example uncovered here, the 

presence of specific scaling relations observed in real biochemical 
networks can be explained by biological individuals (lowerlevel net
works) sharing a common set of reactions as basic “units.”

Future work should explore the connections between the scaling 
relationships reported here and other work characterizing scaling 
behavior across living processes. For example, our results indicate 
that ecosystems are more tightly constrained than individuals, better 
displaying the regularities of biochemical network architecture. How
ever, projecting ecosystemlevel scaling to the biosphere as a whole 
does not recover the observed network properties for the biosphere 
level network. Recently, scaling laws describing microbial diversity 
were used to predict Earth’s global microbial diversity and in partic
ular to highlight how much diversity remains undiscovered (47). It 
could be an analogous case here, where the uncovered scaling rela
tions could be used to predict missing enzymatic diversity in the bio
sphere. Furthermore, one area of intensive investigation is allometric 
scaling relations (47, 66, 69), including how shifts in metabolic scaling 
could be indicative of major transitions in evolutionary hierarchies 

Fig. 6. The biosphere-level chemical reaction network. The biosphere-level network was constructed from the union of all 22,559 genomic networks in our study. Each 
panel shows the same biosphere-level network, with nodes (representing compounds) in white and edges (representing their connections) in gray. Node size indicates 
degree within the network. Colors indicate biochemical compounds used in (A) all three domains of life (yellow), (B) in archaea only (pink), (C) in eukarya only (green), and 
(D) in bacteria only (blue). Although many more chemical compounds are shared across all three domains than are unique to each, the organization of these compounds 
into biochemical networks was distinct for each domain based on statistical testing, which shows (E) that catalytic diversity and biochemical network topology can predict 
evolutionary domain. Shown is the estimated prediction accuracy (y axes) for each measure and each domain. The colors of each bar indicate prediction accuracy of a 
given measure for a particular domain: Red is comparable to random guessing (y ≤ 33% accuracy); yellow is better than random but not completely predictive 
(33% < y ≤ 67%); green is predictive of domain (67% < y). The horizontal line indicates 80% prediction accuracy.
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(45). Allometric scaling laws are derived by viewing living systems as 
localized physical objects with energy and power constraints. Here, 
scaling emerges due to an orthogonal view of living systems as dis
tributed processes transforming matter within the space of chemical 
reactions. The connections between these different aspects of scaling 
in a living organization remain to be elucidated.

A final implication of our work is the consequences for our un
derstanding of the origin of life, before the emergence of species. The 
existence of common network structure across all scales and levels 
of biochemical organization suggests a logic to the planetaryscale 
organization of biochemistry (70), which—if truly universal—would 
have been operative at the origin of life. While our analysis has un
covered universal scaling behavior for extant life, arising due to the 
structure of connectivity and diversity among the most common 
biochemical compounds and reactions, it remains to be determined 
whether the particular scaling reported is a byproduct of shared 
biochemistry across all life or whether fundamental constraints on 
biochemical network structure, operative across scales from indi
viduals to planets, drives lowerlevel individuals to necessarily share 
common reactions. If the latter is true, then it would have important 
implications for understanding the processes operative at the time 
of the last universal common ancestor. If the same global network 
structure, characterized by the same scaling laws, described Earth’s 
biosphere throughout its evolutionary history, then the emergence 
of individuals (as selectable units) with a shared biochemistry would 
have played an important role in mediating a transition in the orga
nization of Earth’s chemical reaction networks. Even if we could as
sume the same planetaryscale chemistry for a lifeless world, we should 
expect to see dramatically different scaling for a hierarchically orga
nized biosphere of nested evolutionary units, where units are defined 
by a shared subset of biochemical architecture across all life (71, 72). 
An important question for future work is identifying the planetary 
drivers of Earth’s biospherelevel biochemical network structure and 
how this has structured living systems across nested levels over geo
logical time scales. This will require characterizing the organization 
of planetaryscale biochemistry, as developed here, within the broader 
context of studying a planet’s geologic and atmospheric evolution. 
It remains an open question as to what will ultimately explain the 
universal structure of Earth’s biochemical networks, or whether we 
should expect all life to exhibit a similar scaling behavior, even on 
other worlds.

MATERIALS AND METHODS
Obtaining genomic and metagenomic information
Genomes (PATRIC)
Archaea and bacteria genomic datasets were obtained from PATRIC 
(31). EC numbers were obtained from the “ec_number” column in 
the pathway data of each taxon. Eukarya genomic datasets were ob
tained from the JGI integrated microbial genomes and microbiomes 
comparative analysis system (IMG/M) (32). All eukarya data used in 
this study were sequenced at JGI. All EC numbers used to construct 
eukarya biochemical networks were obtained from the list of total 
enzymes associated with each eukaryote. EC numbers were used 
in conjunction with KEGG enzyme and reaction data to build bio
chemical networks for each taxon.
Metagenomes (JGI)
Metagenomic data were obtained from JGI IMG/M (32). All meta
genomic data used in this study were sequenced at JGI. All EC numbers 

used to construct metagenomic biochemical networks were obtained 
from the list of total enzymes associated with each metagenome. These 
EC numbers were used in conjunction with KEGG enzyme and re
action data to build biochemical networks for each metagenome.

Our metagenomic data came from a wide variety of ecosystems 
associated with the natural environment, host organisms, and human 
made environments from across the globe (see Fig. 1). The metagenomes 
were sampled from a variety of locations, inclusive of 51 different 
bodies of water, countries, or Antarctica. The largest categories of sam
pled ecosystems include aquatic, terrestrial, plant, wastewater, fungi, 
insect, mammal, and air, among many others. They come from, for 
example, soil, marine and freshwater environments, thermal springs, di
gestive systems, sediments, sludges, and the deep subsurface. Meta 
genomes were collected over a variety of altitudes, from sea level to 
a few thousand meters above sea level. Terrestrial and aquatic meta
genomes include surface samples as well as those from depths of 
centimeters to thousands of meters below the surface. Samples also 
range in pH from nearly 0 to over 9, and in temperature from just 
above 0° to 90°C. At present, it is impossible to say how represent
ative the diversity of life sampled so far is of the total biodiversity of 
life on Earth (which is presently unknown and not well constrained), 
and it is likely that our metagenomic dataset is not inclusive of all 
of that biodiversity, particularly given current limitations arising to 
incomplete characterization of metagenomic samples. Nonetheless, 
the breadth of environments in our sample suggests that our dataset 
includes a reasonable representation of known biodiversity. Addi
tional environmental and omic information is publicly available on 
JGI’s IMG website (https://img.jgi.doe.gov/cgibin/m/main.cgi).
Biosphere
To create the biosphere network, we included all (at the time our data 
were retrieved) 8658 enzymatically catalyzed reactions in KEGG.

Network construction
In this study, all biochemical reaction networks consisted of chemical 
compounds that were involved in biochemical reactions: Two chemi
cal compounds were connected to each other when one was a reactant 
and the other was a product of the same biochemical reaction (see 
section S1 for more details). The different types of biochemical reac
tion networks came from how we select a set of reactions to be includ
ed in each network, which is described below. Note that all edges in the 
networks in this paper were represented as undirected and unweight
ed since our interests lied on the presence or absence of particular re
actions in given networks, and, in principle, all biochemical reactions 
could happen in both directions depending on the environment.
Biological networks
For each biological network, we included all catalyzed biochemical re
actions annotated in each genome or metagenome. More specifically, 
we considered three different levels of organization: individual orga
nisms, ecosystems, and the biosphere. For the construction of individ
ual networks, we used the genome data of 21,637 bacterial taxa and 
845 archaeal taxa from the PATRIC (31) and 77 eukaryotic taxa from 
the JGI (32). From these data, we obtained the set of classes of enzymes 
for each genome. All reactions catalyzed by this set of enzymes and 
present in the KEGG (33) database were included in the network rep
resentation of the corresponding genome. Similarly, for the network 
representation of each of the 5587 ecosystems from JGI, we included 
all reactions catalyzed by the ecosystem’s coded enzymes, provided they 
were cataloged in the KEGG dataset. Lastly, for the biosphere network, 
we included all 8658 enzymatically catalyzed reactions in KEGG.
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Parsed biological networks
We also analyzed a parsed subset of biological data to reduce the rel
ative size differences between each of our domain datasets. This 
allowed us to test whether our results are consistent with a more ba
lanced representation of biodiversity from each domain. Starting 
with all bacteria genomes, we selected one representative genome 
containing the largest number of annotated ECs from each genus. 
Unique genera (genera only represented by a single genome) were 
also included in our parsed data. Uncultured/candidate organisms 
without genera level nomenclature are also included in the parsed 
dataset. The parsed archaea dataset was created in the same way. Be
cause we have much less extensive data from eukarya, the parsed re
sults included all eukarya (there is no “parsed” eukarya).
Random genome networks
To construct a random genome network, we sampled individual net
works uniformly at random from the set of all individual organisms 
in our dataset and merged them into one random genome network. 
When a set of multiple individual networks were merged, every node 
and edge present in any individual network are added to the result
ing network with equal weight regardless of how many individual 
networks included them. We built four types of random genome net
works with individual networks sampled from only archaea, only 
bacteria, only eukarya, and from integration of all the three domains. 
The number of individual networks merged to form each random 
genome networks was defined as the sample size. The sample size 
ranges from 1 to 200 for 845 archaea genomes, from 1 to 200 for 
21,637 bacteria genomes, from 1 to 77 for 77 eukarya genomes, 
and from 1 to 477 for all genomes in the three domains. We selected 
10 sets of individual networks for every sample size and merged 
them to generate 2000 random genome networks from individual 
archaea networks, 2000 from individual bacteria networks, 770 from 
individual eukarya networks, and 4770 from all individual networks 
across the three domains.
Random reaction networks
In this paper, random reaction networks were generated by merging 
randomly sampled reactions from all biochemical reactions from the 
KEGG data regardless of whether a known enzyme was cataloged for 
the reaction. We note 31.46% of chemical compounds in the bio
sphere network were not included in the genomic data in our study, 
therefore for our construction uniformly sampling the entire KEGG 
database; the random reaction networks could include enzymatically 
catalyzed reactions not included in our genomic data. Nonetheless, 
our sampling procedure was biased to generate networks with similar 
biochemistry to that of the genomic networks [since compounds com
mon to all three domains tended to be highly connected (participate in 
many reactions), this uniform sampling procedure yielded random 
networks biased to include the most common compounds used by 
life]. Most biological networks for real individual organisms and 
ecosystems contained 200 to 5000 reactions. To build the random re
action networks with size similar to real individual organisms and 
ecosystems, we selected a random number between 200 and 5000, 
sampled that number of reactions from KEGG data uniformly at 
random, and merged these into a random reaction network. Repeat
ing this, we constructed 5000 random reaction networks in total.
Frequency-sampled random reaction networks
With the goal of creating an ensemble of random networks more 
similar to real biological networks, we also generated random reac
tion networks by sampling reactions with probability proportional 
to their frequency across the set of all individual biological networks. 

We computed the frequency of every reaction as the number of 
genomes that includes enzymes catalyzing that reaction to generate 
a frequency distribution for the occurrence of reactions across our 
genomelevel networks. We then selected a random number between 
200 and 5000 and sampled that same number of reactions according 
to this frequency distribution. By repeating this procedure, we gen
erated 5000 frequencysampled random networks. As a check to 
confirm that our results are independent of the relative sizes of our 
domain datasets, we also generated 5000 random reaction networks 
with the same size as members of the ensemble of frequencysampled 
random reaction networks, but instead sampled reactions according 
to the sum of domain frequencies, computed within each domain and 
normalized by size of the domain (see fig. S9).

Fitting network measure scaling and permutation tests
For each network measure, a scaling relationship was fit as a function 
of the size of the LCC of the network. For each measure, three differ
ent models were tested: a power law of the form y = y0 x, a linear 
relationship of the form y = x + y0, and a quadratic function of the 
form y = 1x + 2x2 + y0. For both the assortativity measures, the 
preferred fit was also compared with a constant y = . The preferred 
model was chosen as the one that minimized crossvalidation errors, 
according to 10fold cross validation, across the entire dataset.

Once a model was chosen, a simulated permutation test was per
formed to determine whether the scaling relationship for a given 
attribute was the same for ecosystems and individuals or whether it 
was distinct (61). We took as the null hypothesis that the scaling 
relationship across different levels of organization is constant and 
used the fitted scaling parameters (for individuals and ecosystems) 
as the test statistic. We used fitted 1,000,000 resamples of the com
plete dataset to estimate the likelihood of the fit for individuals (or 
ecosystems) to have been drawn randomly from the complete dataset. 
We performed this test for both the ecosystem and individuals; if 
there was a difference in the estimated likelihoods, we took the greater 
of the two. These likelihoods are the (twosided) P values reported in 
table S2. The same procedure was followed to determine the distin
guishability of ecosystem networks with the randomized controls 
(random genome networks and random reaction networks). Random 
reaction networks were distinguishable from ecosystems networks 
for all measures, with P = 10−6.

To estimate the true scaling parameters and 95% confidence in
tervals, a bootstrap sample of 100,000 was used for each network 
attribute (61). If the permutation test allowed us to reject the hypoth
esis of a constant scaling relationship across individuals and ecosys
tems to a confidence greater than 0.01, then the scaling parameters 
were estimated separately for the individuals and ecosystems, other
wise the complete dataset was fit. The scaling parameters (and con
fidence intervals) for distinct domains were also estimated using a 
bootstrap of 100,000 samples. For scaling fits and confidence intervals, 
see data file S1.

Predicting evolutionary domain from topology
To demonstrate that topological features of genomes from different 
domains are distinct, multinomial regression was used. Specifically, 
we implemented models where the domain of the network was the 
response class, and a single topological feature, normalized by the size 
of the LCC of the network, was the dependent variable. We found 
topological features of networks alone were often not predictive of 
the domain, but the ratio of the topological properties to the size of 
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the network provided a more accurate prediction. Prior to the regres
sion, these normalized topological measures were scaled and centered 
(61). The regression was implemented in base R using the glm(..), 
function. To control for overfitting, the training data were composed 
of an equal number of samples from each domain. In particular, only 
35 networks of each domain were sampled, and the model was tested 
on the remaining data. This process was repeated 100 times, and the 
average model error is reported in the text (Fig. 6E).
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frequency-sampled random reaction networks.
Table S1. Percentage of networks in each dataset with x% of nodes in the LCC.
Table S2. Distinguishability of individuals and ecosystems, and ecosystems and random 
genome networks.
Data file S1. Scaling parameters for topological measures with 95% confidence intervals.
Data file S2A. Summary of measured network properties, by domain.
Data file S2B. Summary of measured network properties, by levels (parsed data only).
Data file S2C. Summary of measured network properties, by levels (parsed data excluded).
References (73–75)

REFERENCES AND NOTES
 1. N. Goldenfeld, C. Woese, Life is physics: Evolution as a collective phenomenon far from 

equilibrium. Annu. Rev. Condens. Matter Phys. 2, 375–399 (2011).
 2. P. C. W. Davies, S. I. Walker, The hidden simplicity of biology. Rep. Prog. Phys. 79, 102601 

(2016).
 3. T. Gisiger, Scale invariance in biology: Coincidence or footprint of a universal 

mechanism? Biol. Rev. Camb. Philos. Soc. 76, 161–209 (2001).
 4. N. Goldenfeld, T. Biancalani, F. Jafarpour, Universal biology and the statistical mechanics 

of early life. Philos. Trans. A Math. Phys. Eng. Sci. 375, 20160341 (2017).
 5. K. Sterelny, Universal biology. Br. J. Philos. Sci. 48, 587–601 (1997).
 6. S. I. Walker, W. Bains, L. Cronin, S. DasSarma, S. Danielache, S. Domagal-Goldman, 

B. Kacar, N. Y. Kiang, A. Lenardic, C. T. Reinhard, W. Moore, E. W. Schwieterman, 
E. L. Shkolnik, H. B. Smith, Exoplanet biosignatures: Future directions. arXiv:1705.08071 
(2017).

 7. J. E. Lovelock, A physical basis for life detection experiments. Nature 207, 568–570 (1965).
 8. E. D. Dorn, K. H. Nealson, C. Adami, Monomer abundance distribution patterns as a 

universal biosignature: Examples from terrestrial and digital life. J. Mol. Evol. 72, 283–295 
(2011).

 9. K. H. Nealson, A. Tsapin, M. Storrie-Lombardi, Searching for life in the Universe: 
Unconventional methods for an unconventional problem. Int. Microbiol. 5, 223–230 
(2002).

 10. P. E. M. Purnick, R. Weiss, The second wave of synthetic biology: From modules to 
systems. Nat. Rev. Mol. Cell Biol. 10, 410–422 (2009).

 11. C. J. Bashor, A. A. Horwitz, S. G. Peisajovich, W. A. Lim, Rewiring cells: Synthetic biology as 
a tool to interrogate the organizational principles of living systems. Annu. Rev. Biophys. 
39, 515–537 (2010).

 12. C. Scharf, N. Virgo, J. H. Cleaves II, M. Aono, N. Aubert-Kato, A. Aydinoglu, A. Barahona, 
L. M. Barge, S. A. Benner, M. Biehl, R. Brasser, C. J. Bitch, K. Chandru, L. Cronin, 
S. Danielache, J. Fischer, J. Hernlund, P. Hut, T. Ikegami, J. Kimura, K. Kobayashi, 
C. Mariscal, S. McGlynn, B. Menard, N. Packard, R. Pascal, J. Pereto, S. Rajamani, 
L. Sinapayen, E. Smith, C. Switzer, K. Takai, F. Tian, Y. Ueno, M. Voytek, O. Witkowski, 
H. Yabuta, A strategy for origins of life research. Astrobiology 15, 1031–1042 (2015).

 13. L. Cronin, S. I. Walker, Beyond prebiotic chemistry. Science 352, 1174–1175 (2016).

 14. L. H. Hartwell, J. J. Hopfield, S. Leibler, A. W. Murray, From molecular to modular cell 
biology. Nature 402, C47–C52 (1999).

 15. F. Capra, P. L. Luisi, The Systems View of Life: A Unifying Vision (Cambridge Univ. Press, 
2014).

 16. U. Alon, An Introduction to Systems Biology: Design Principles of Biological Circuits (CRC 
Press, 2006).

 17. A.-L. Barabási, Z. N. Oltvai, Network biology: Understanding the cell’s functional 
organization. Nat. Rev. Genet. 5, 101–113 (2004).

 18. H. Kitano, Computational systems biology. Nature 420, 206–210 (2002).
 19. N. Klitgord, D. Segrè, Ecosystems biology of microbial metabolism. Curr. Opin. Biotechnol. 

22, 541–546 (2011).
 20. S. R. Proulx, D. E. L. Promislow, P. C. Phillips, Network thinking in ecology and evolution. 

Trends Ecol. Evol. 20, 345–353 (2005).
 21. E. Smith, H. J. Morowitz, The Origin and Nature of Life on Earth: The Emergence of the Fourth 

Geosphere (Cambridge Univ. Press, 2016).
 22. P. G. Falkowski, T. Fenchel, E. F. Delong, The microbial engines that drive Earth’s 

biogeochemical cycles. Science 320, 1034–1039 (2008).
 23. R. Braakman, M. J. Follows, S. W. Chisholm, Metabolic evolution and the self-organization 

of ecosystems. Proc. Natl. Acad. Sci. U.S.A. 114, E3091–E3100 (2017).
 24. A. Fernández, S. Huang, S. Seston, J. Xing, R. Hickey, C. Cirddle, J. Tiedje, How stable is 

stable? Function versus community composition. Appl. Environ. Microbiol. 65, 3697–3704 
(1999).

 25. J. Flack, Life’s Information Hierarchy, in From Matter to Life: Information and Causality, 
S. I. Walker, P. C. W. Davies, G. F. R. Ellis, Eds. (Cambridge Univ. Press, 2017), pp. 283–302.

 26. J. van Gestel, C. E. Tarnita, On the origin of biological construction, with a focus on 
multicellularity. Proc. Natl. Acad. Sci. U.S.A. 114, 11018–11026 (2017).

 27. B. Corominas-Murtra, J. Goñi, R. V. Solé, C. Rodríguez-Caso, On the origins of hierarchy in 
complex networks. Proc. Natl. Acad. Sci. U.S.A. 110, 13316–13321 (2013).

 28. H. Jeong, B. Tombor, R. Albert, Z. N. Oltvai, A. L. Barabási, The large-scale organization of 
metabolic networks. Nature 407, 651–654 (2000).

 29. R. Guimerà, L. A. Nunes Amaral, Functional cartography of complex metabolic networks. 
Nature 433, 895–900 (2005).

 30. J. Stelling, S. Klamt, K. Bettenbrock, S. Schuster, E. D. Gilles, Metabolic network 
structure determines key aspects of functionality and regulation. Nature 420, 190–193 
(2002).

 31. A. R. Wattam, J. J. Davis, R. Assaf, S. Boisvert, T. Brettin, C. Bun, N. Conrad, E. M. Dietrich, 
T. Disz, J. L. Gabbard, S. Gerdes, C. S. Henry, R. W. Kenyon, D. Machi, C. Mao, 
E. K. Nordberg, G. J. Olsen, D. E. Murphy-Olson, R. Olson, R. Overbeek, B. Parrello, 
G. D. Pusch, M. Shukla, V. Vonstein, A. Warren, F. Xia, H. Yoo, R. L. Stevens, Improvements 
to PATRIC, the all-bacterial Bioinformatics Database and Analysis Resource Center. 
Nucleic Acids Res. 45, D535–D542 (2017).

 32. V. M. Markowitz, I. A. Chen, K. Chu, E. Szeto, K. Palaniappan, Y. Grechkin, A. Ratner, B. Jacob, 
A. Pati, M. Huntemann, K. Liolios, I. Pagani, I. Anderson, K. Mavromatis, N. N. Ivanova, 
N. C. Kyrpide, IMG/M: The integrated metagenome data management and comparative 
analysis system. Nucleic Acids Res. 40, D123–D129 (2012).

 33. M. Kanehisa, S. Goto, KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 
28, 27–30 (2000).

 34. J. E. Goldford, H. Hartman, T. F. Smith, D. Segrè, Remnants of an ancient metabolism 
without phosphate. Cell 168, 1126–1134.e9 (2017).

 35. J. Raymond, D. Segrè, The effect of oxygen on biochemical networks and the evolution of 
complex life. Science 311, 1764–1767 (2006).

 36. O. Ebenhöh, T. Handorf, R. Heinrich, Structural analysis of expanding metabolic networks. 
Genome Inform. 15, 35–45 (2004).

 37. R. Albert, A. L. Barabási, Statistical mechanics of complex networks. Rev. Mod. Phys. 74, 
47–97 (2002).

 38. M. Newman, Networks: An Introduction (Oxford Univ. Press, 2010).
 39. M. Newman, The structure and function of complex networks. SIAM Rev. 45, 167–256 

(2003).
 40. S. N. Dorogovtsev, J. F. F. Mendes, Evolution of Networks: From Biological Nets to the 

Internet and WWW (Oxford Univ. Press, 2003).
 41. S. V. Buldyrev, R. Parshani, G. Paul, H. Eugene Stanley, S. Havlin, Catastrophic cascade of 

failures in interdependent networks. Nature 464, 1025–1028 (2010).
 42. A. Barrat, M. Barthélemy, A. Vespignani, Dynamical Processes on Complex Networks 

(Cambridge Univ. Press, 2008).
 43. G. Benkö, C. Flamm, P. F. Stadler, “Generic properties of chemical networks: Artificial 

chemistry based on graph rewriting” in Advances in Artificial Life (Springer,  
Berlin Heidelberg, 2003), pp. 10–19.

 44. P. M. Jacob, A. Lapkin, Statistics of the network of organic chemistry. React. Chem. Eng. 3, 
102–118 (2018).

 45. J. P. DeLong, J. G. Okie, M. E. Moses, R. M. Sibly, J. H. Brown, Shifts in metabolic scaling, 
production, and efficiency across major evolutionary transitions of life. Proc. Natl. Acad. 
Sci. U.S.A. 107, 12941–12945 (2010).

 on January 30, 2019
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/cgi/content/full/5/1/eaau0149/DC1
http://advances.sciencemag.org/cgi/content/full/5/1/eaau0149/DC1
http://advances.sciencemag.org/


Kim et al., Sci. Adv. 2019; 5 : eaau0149     16 January 2019

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

12 of 12

 46. I. A. Hatton, K. S. McCann, J. M. Fryxell, J. T. Davies, M. Smerlak, A. R. E. Sinclair, M. Loreau, 
The predator-prey power law: Biomass scaling across terrestrial and aquatic biomes. 
Science 349, aac6284 (2015).

 47. K. J. Locey, J. T. Lennon, Scaling laws predict global microbial diversity. Proc. Natl. Acad. 
Sci. U.S.A. 113, 5970–5975 (2016).

 48. M. E. Ritchie, H. Olff, Spatial scaling laws yield a synthetic theory of biodiversity.  
Nature 400, 557–560 (1999).

 49. D. Garlaschelli, G. Caldarelli, L. Pietronero, Universal scaling relations in food webs. 
Nature 423, 165–168 (2003).

 50. G. B. West, W. H. Woodruff, J. H. Brown, Allometric scaling of metabolic rate from 
molecules and mitochondria to cells and mammals. Proc. Natl. Acad. Sci. U.S.A. 99 
(suppl. 1), 2473–2478 (2002).

 51. G. B. West, J. H. Brown, B. J. Enquist, A general model for the origin of allometric scaling 
laws in biology. Science 276, 122–126 (1997).

 52. M. A. Muñoz, Colloquium: Criticality and dynamical scaling in living systems. 
arXiv:1712.04499 [cond-mat.stat-mech] (2017).

 53. H. E. Stanley, Phase transitions and critical phenomena. 9, (Oxford Univ. Press, 1971).
 54. R. Montañez, M. A. Medina, R. V. Solé, C. Rodríguez-Caso, When metabolism meets 

topology: Reconciling metabolite and reaction networks. Bioessays 32, 246–256 (2010).
 55. C. I. Sandefur, M. Mincheva, S. Schnell, Network representations and methods for the 

analysis of chemical and biochemical pathways. Mol. Biosyst. 9, 2189–2200 (2013).
 56. A. Clauset, C. R. Shalizi, M. E. J. Newman, Power-law distributions in empirical data.  

SIAM Rev. 51, 661–703 (2009).
 57. R. Albert, Scale-free networks in cell biology. J. Cell Sci. 118, 4947–4957 (2005).
 58. F. Centler, P. Dittrich, Chemical organizations in atmospheric photochemistries—A new 

method to analyze chemical reaction networks. Planet. Space Sci. 55, 413–428 (2007).
 59. R. V. Sole, A. Munteanu, The large-scale organization of chemical reaction networks in 

astrophysics. EPL 68, 170–176 (2004).
 60. G. Basler, S. Grimbs, O. Ebenhöh, J. Selbig, Z. Nikoloski, Evolutionary significance of 

metabolic network properties. J. R. Soc. Interface 9, 1168–1176 (2012).
 61. S. T. Buckland, B. Efron, R. J. Tibshirani, An introduction to the bootstrap. Biometrics 50, 

890–891 (1994).
 62. D. A. Fell, A. Wagner, The small world of metabolism. Nat. Biotechnol. 18, 1121–1122 (2000).
 63. M. P. H. Stumpf, C. Wiuf, R. M. May, Subnets of scale-free networks are not scale-free: 

Sampling properties of networks. Proc. Natl. Acad. Sci. U.S.A. 102, 4221–4224 (2005).
 64. L. A. Hug, B. J. Baker, K. Anantharaman, C. T. Brown, A. J. Probst, C. J. Castelle, 

C. N. Butterfield, A. W. Hernsdorf, Y. Amano, K. Ise, Y. Suzuki, N. Dudek, D. A. Relman, 
K. M. Finstad, R. Amundson, B. C. Thomas, J. F. Banfield, A new view of the tree of life.  
Nat. Microbiol. 1, 16048 (2016).

 65. N. R. Pace, The universal nature of biochemistry. Proc. Natl. Acad. Sci. U.S.A. 98, 805–808 
(2001).

 66. C. P. Kempes, G. B. West, K. Crowell, M. Girvan, Predicting maximum tree heights and 
other traits from allometric scaling and resource limitations. PLOS ONE 6, e20551 (2011).

 67. C. P. Kempes, P. M. van Bodegom, D. Wolpert, E. Libby, J. Amend, T. Hoehler, Drivers of 
Bacterial Maintenance and Minimal Energy Requirements. Front. Microbiol. 8, 31 (2017).

 68. R. V. Solé, S. C. Manrubia, S. C. Benton, S. Kauffman, P. Bak, Criticality and scaling in 
evolutionary ecology. Trends Ecol. Evol. 14, 156–160 (1999).

 69. J. H. Brown, G. B. West, Ed., Scaling in Biology (Oxford University Press, 2000).
 70. R. Braakman, E. Smith, The compositional and evolutionary logic of metabolism.  

Phys. Biol. 10, 011001 (2013).
 71. P. Hogeweg, From population dynamics to ecoinformatics: Ecosystems as multilevel 

information processing systems. Ecol. Inform. 2, 103–111 (2007).
 72. O. Görnerup, J. P. Crutchfield, Hierarchical self-organization in the finitary process soup. 

Artif. Life 14, 245–254 (2008).
 73. A. Hagberg, P. Swart, D. Chult, Exploring network structure, dynamics, and function using 

NetworkX. (Los Alamos National Laboratory (LANL), 2008).
 74. M. E. J. Newman, Mixing patterns in networks. Phys. Rev. E Stat. Nonlin. Soft Matter Phys. 

67 (Pt. 2), 026126 (2003).
 75. U. Brandes, A faster algorithm for betweenness centrality. J. Math. Sociol. 25, 163–177 

(2001).

Acknowledgments: We thank the Emergence@ASU team for feedback through various 
stages of this work. Funding: We are grateful for support from the National Aeronautics and 
Space Administration through grant NNX15AL24G S02, which made this research possible. 
Author contributions: S.I.W. and H.K. designed the study. H.B.S., H.K., and J.R. obtained and 
organized the data. H.B.S, H.K., S.I.W., and C.M. created plots and data visualizations. H.B.S. and 
H.K. constructed networks and measured topological properties. C.M. carried out the statistical 
analyses. All authors contributed to data interpretation and manuscript writing and editing. 
Competing interests: The authors declare that they have no competing interests. Data and 
materials availability: All data needed to evaluate the conclusions in the paper are present in 
the paper and/or the Supplementary Materials. Genomic, metagenomic, and biochemical 
data are available online from PATRIC, JGI, and KEGG, respectively. Additional data related to 
this paper may be requested from the authors.

Submitted 1 May 2018
Accepted 6 December 2018
Published 16 January 2019
10.1126/sciadv.aau0149

Citation: H. Kim, H. B. Smith, C. Mathis, J. Raymond, S. I. Walker, Universal scaling across biochemical 
networks on Earth. Sci. Adv. 5, eaau0149 (2019).

 on January 30, 2019
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/


Universal scaling across biochemical networks on Earth
Hyunju Kim, Harrison B. Smith, Cole Mathis, Jason Raymond and Sara I. Walker

DOI: 10.1126/sciadv.aau0149
 (1), eaau0149.5Sci Adv 

ARTICLE TOOLS http://advances.sciencemag.org/content/5/1/eaau0149

MATERIALS
SUPPLEMENTARY http://advances.sciencemag.org/content/suppl/2019/01/14/5.1.eaau0149.DC1

REFERENCES

http://advances.sciencemag.org/content/5/1/eaau0149#BIBL
This article cites 62 articles, 15 of which you can access for free

PERMISSIONS http://www.sciencemag.org/help/reprints-and-permissions

Terms of ServiceUse of this article is subject to the 

registered trademark of AAAS.
is aScience Advances Association for the Advancement of Science. No claim to original U.S. Government Works. The title 

York Avenue NW, Washington, DC 20005. 2017 © The Authors, some rights reserved; exclusive licensee American 
(ISSN 2375-2548) is published by the American Association for the Advancement of Science, 1200 NewScience Advances 

 on January 30, 2019
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/content/5/1/eaau0149
http://advances.sciencemag.org/content/suppl/2019/01/14/5.1.eaau0149.DC1
http://advances.sciencemag.org/content/5/1/eaau0149#BIBL
http://www.sciencemag.org/help/reprints-and-permissions
http://www.sciencemag.org/about/terms-service
http://advances.sciencemag.org/

