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ABSTRACT 
The analysis of large chemical reaction space sheds light on reaction patterns between molecules 
and can inform subsequent reaction pathway planning. With the aim to discover more sustainable 
production systems, it became worthwhile to explicitly model the reaction space reachable from 
biobased feedstocks. In particular, the space that reactions in integrated biorefineries span for 
optimised biorefinery planning is of interest. In this work we show a network-theoretical analysis 
of biorefinery reaction data. We utilise the directed all-to-all mapping between reactants and prod-
ucts to compare the reaction space obtained from biorefineries with the entire network of organic 
chemistry (NOC). In our results, we find that despite having 1000 times fewer molecules, the con-
structed network resembles the NOC in terms of its scale-free nature and shares similarities re-
garding its small-world property. Additionally, we analyse the coverage rate of the biorefinery re-
action data and find that many common second and third-level intermediates are present, while 
the querying strategy leads to a lack of data on value-added refinery end-products and on feed-
stock molecules, requiring more advanced and combined data querying strategies in the future. 
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INTRODUCTION 
Biorefineries are facilities converting a feedstock-

mix of biomass into multiple products through selected 
processing steps [1], in other words, they produce value-
added (bio-)chemicals out of biomass. They comprise a 
range of (bio-)chemical reactions to cater for the desired 
refinery product portfolio. 

The reaction space that is covered in biorefineries 
can be complex combining chemical and biological trans-
formations. It is known that a wide range of biomass 
sources is suitable for the conversion into valuable prod-
ucts through many different routes, which makes the de-
sign of optimal biomass conversion pathways a challeng-
ing problem [2]. With the aim to design both economical 
and sustainable refineries, several works focus on biore-
finery optimisation approaches where optimal reaction 
pathways and processes are selected [3-5]. While such 
works perform a manual preselection of reactions and 
process units to be considered, the automatization of this 
task has received notable attention, so that in the future 
larger (bio-)chemical reaction spaces mined from 

electronic databases can be evaluated quickly [6-8]. 
To this end, i.e., reaction pathway planning, but also 

for automated retrosynthesis planning [9], it became 
generally necessary to understand the large reaction 
spaces covered in electronic chemical databases better. 
Such large chemical reaction space covering millions of 
molecules are thus analysed intensively. 

The reaction space is commonly represented as a 
graph, where depending on the chosen graph model, 
molecules are represented by nodes and reactions by 
edges [10], hyperedges [11], or a second node type [12]. 
For instance, the work of Jacob & Lapkin performed a ho-
listic statistical analysis on the network of organic chem-
istry (NOC) to inform on subsequent planning and predic-
tion tasks. In particular, they focused on network charac-
terisation through graph theoretical properties such as 
degree distributions, pathlengths, wiring pattern and oth-
ers [10]. They found that the known chemical space or-
ganises into a scale-free network, which allowed them to 
draw conclusions on the likely evolution of the reaction 
space and molecular participation in synthesis routes 
across the data space. 
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Here, we perform a similar network theoretical anal-
ysis of the reaction space found in biorefineries and com-
pare it to the chemical reaction space, i.e. the NOC. In-
sights gained during the analysis of the biorefinery space 
can improve and speed up the search for promising path-
ways and identify bottlenecks. In particular, we investi-
gate the following aspects: (i) how is the biorefinery re-
action network characterised by network theoretical 
metrics, (ii) does the biorefinery reaction space exhibit 
selected similarities to the NOC, and (iii) how (bio-)chem-
ically complete is the biorefinery reaction space investi-
gated in this work with regard to molecules present in the 
data? 

METHODS 

Data extraction and preprocessing 
With more than 46 million recorded reactions and 

more than 119 million recorded molecules REAXYS is one 
of the largest databases to investigate reaction spaces 
[13]. To extract relevant reactions from REAXYS using 
their web-interface and the Query builder tool, we utilise 
the “title, abstract and keywords” search with the “con-
tains” parameter set, for the word “biorefiner”. The word 
is not finished on purpose to give the results for both sin-
gular and plural forms. Such query provides almost 1300 
reactions from the papers that contained the sub-word 
“biorefiner” in their title, abstract or set of keywords and 
included information on reactants, products and the 
number of reaction steps. 

During the preprocessing steps, reactions that con-
tain empty reactants or empty product fields are re-
moved. Some of the reactions are recorded as having 
multiple steps. From this data, we do not know which in-
termediate molecules are omitted, yet we opt to keep the 
data due to the relatively small size of the entire biorefin-
ery reaction space. 

Graph model and implementation 
The constructed model is a weighted, directed 

graph connecting reactants and products with directed 
edges, using an “all to all” wiring scheme, as illustrated 
for one reaction in Figure 1. Each node represents one 
chemical compound while the edges leaving it represent 
the reaction that is utilising this molecule as reactant and 
producing a product at the end of the edge. To distin-
guish multi-step from single-step reactions for network 
analysis, we represented the number of reaction steps 
with the weight of the edge. This way certain properties 
can still be computed despite the missing intermediates. 
Duplicate edges are removed, keeping the one with min-
imal distance in the data. While this representation is a 
severe simplification as it disregards the polyadic rela-
tionships in the data (e.g. multiple reactants are needed 
to create multiple product(s)), it makes it comparable to 

other network theoretical studies. We follow these sim-
plification to compare our analysis with the analysis of the 
NOC [10]. 
The acquired reaction data is used in the graph model 
and implemented with Python 3.11. We made use of the 
NetworkX and powerlaw packages to work with and an-
alyse the graph data [14,15]. 

 
Figure 1. Illustration of the directed graph model. Nodes 
represent molecules, edges represent reactant-product 
relationships. Note that this neglects polyadic and 
stoichiometric relationships. 

Network analysis metrics 
Network metrics are measured to assess the struc-

ture of the reaction space and how it compares to the 
NOC. Here, we focus our analysis on the following net-
work properties. 

Firstly, we analyse if the biorefinery network can be 
classified as scale-free network with similarity to the 
NOC. We do so by performing statistical testing of the 
degree distributions. The in-degree is the number of 
edges incoming to a node and the out-degree is the num-
ber of edges outgoing from a specific node. For instance, 
in Figure 1, node B has an in-degree of 0 and an out-de-
gree of two. We first test against an exponential fit and 
then investigate differences between four heavy-tailed 
distributions: power law, truncated power law, lognormal 
and stretched exponential [15]. For the statistical tests 
the distribution_compare method from the powerlaw 
package is used. We further compare the exponents of 
the power law fits with those of the NOC. 

Secondly, we are interested in understanding if we 
can expect a “small-world” behaviour in the biorefinery 
reaction space. This is characterised by the average 
shortest path scaling proportionally with the logarithm of 
the number of nodes [10], while also exhibiting high clus-
tering. On average a relatively small number of steps 
(network edges) connects any two entities (network 
nodes) in “small-world” networks. We calculate the aver-
age shortest path length (𝐿𝐿�) in Eq. 2. and the global clus-
tering coefficient (𝐶𝐶̅) in Eq. 1, which measures the aver-
age probability that two vertices connected to a third 
vertex are also directly connected to each other [10]. We 
then compare the values with those of the NOC. The met-
rics are calculated on the weighted, undirected, largest 
connected component of the network (clustering coeffi-
cient) and weighted, directed graph (average path 
length) respectively. 
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𝐶𝐶̅ =
3 × 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  (1) 

𝐿𝐿� = �
𝑑𝑑(𝑢𝑢, 𝑣𝑣)

|𝐹𝐹|
𝑢𝑢,𝑣𝑣∈𝐹𝐹
𝑢𝑢≠𝑣𝑣

 (2) 

where a triad consists of two edges that share a vertex , 
|𝐹𝐹| is the set of nodes 𝑢𝑢, 𝑣𝑣 where the distance 𝑑𝑑(𝑢𝑢, 𝑣𝑣) be-
tween 𝑢𝑢 and 𝑣𝑣 is finite, [18] and 𝑑𝑑(𝑢𝑢, 𝑣𝑣) is the shortest path 
from node 𝑢𝑢 to node 𝑣𝑣. 

Thirdly, to describe the network topology we con-
sider metrics based on betweenness centrality. We cal-
culate the global central point dominance (𝐶𝐶𝐵𝐵���) in Eq. 3 and 
perform clustering (on the largest connected component 
of the graph) based on the Girvan-Newman algorithm us-
ing betweenness centrality (𝑐𝑐𝐵𝐵) as edge weights. We 
choose a suitable number of clusters using a simplified 
cluster evaluation score (𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑒𝑒𝐶𝐶𝐶𝐶) comparing edges within 
and between clusters, see Eq. 5. 

C𝐵𝐵���� =
1

𝑛𝑛 − 1�𝑐𝑐𝐵𝐵(𝑖𝑖∗) − 𝑐𝑐𝐵𝐵(𝑖𝑖)
 

𝑖𝑖∈𝑉𝑉

 (3) 

𝑐𝑐𝐵𝐵(𝑖𝑖) =
1

((𝑛𝑛 − 1)(𝑛𝑛 − 2)) �
𝜎𝜎(𝑠𝑠, 𝑡𝑡|𝑖𝑖)
𝜎𝜎(𝑠𝑠, 𝑡𝑡)

𝑠𝑠,𝑡𝑡∈𝑉𝑉

 (4) 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑒𝑒𝐶𝐶𝐶𝐶 =
1
𝑔𝑔�

2 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑗𝑗

𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑗𝑗  

𝑔𝑔

𝑗𝑗

 (5) 

where 𝑐𝑐𝐵𝐵(𝑖𝑖) is the normalised betweenness centrality of 
node 𝑖𝑖, 𝑐𝑐𝐵𝐵(𝑖𝑖∗) is the largest betweenness centrality in the 
graph, 𝜎𝜎(𝑠𝑠, 𝑡𝑡) is the number of shortest pathways from 
node 𝑠𝑠 to node 𝑡𝑡 and 𝜎𝜎(𝑠𝑠, 𝑡𝑡|𝑖𝑖) is the number of shortest 
pathways from node 𝑠𝑠 to node 𝑡𝑡 that go through node 𝑖𝑖. 
Further, 𝑔𝑔 is the number of clusters (node groups) and 
𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑗𝑗 and 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑗𝑗 are the numbers of intra- (within) and 
inter- (between) cluster edges given a clustering 𝑗𝑗. 
 While all metrics are compared to the NOC, the clus-
tering is qualitatively investigated and mapped against 
referenced molecules of lignocellulosic biorefinery from 
selected literature [16]. 

Coverage analysis 
To analyse the coverage of the biorefinery space, 

we investigate the following aspects: the split of mole-
cules into clusters based on Eq. 5 and the Girvan-New-
man algorithm, a quantitative comparison of our detected 
molecules with platform molecules named in selected lit-
erature [16], and the impact of the querying strategy on 
the completeness of the biobased molecular space. 

For the impact of the querying strategy, we compare 
our naïve query strategy using a REAXYS keyword search 
with one that targets common feedstock molecules of bi-
orefineries and the reactions that they are listed in. The 
targeted feedstock molecule search for the lignocellulo-
sic case includes lignin, cellulose and hemicellulose as 
feedstock molecules, and for the blue biorefinery chitin, 
chitosan, laminarin, fucoidan and alginic acid as feed-
stock molecules. The Jaccard similarity coefficient is cal-
culated between molecules found in the different net-
works. Additionally, we calculate the percentage of how 
many of the specialised molecules from the targeted 
search are also picked up by the naïve keyword search. 

RESULTS AND DISCUSSION 
Firstly, we present the network-theoretical analysis 

of the biorefinery reaction space and compare this with 
the NOC to draw conclusions about the similarities of 
both data spaces. Secondly, we qualitatively discuss the 
coverage of the reaction space in the biorefinery net-
work. 

Reaction space 
The constructed network consists of 1273 vertices 

and 2009 edges. It is a disconnected graph separated 

into 78 components where the largest connected com-
ponent contains 79.5% of all the nodes. At the same time, 
the second largest connected component contains less 
than 1.5 % of all the nodes. This indicates that most of the 
reaction space is connected and concentrated within a 
single cluster, suggesting high interconnectivity between 
those molecules. The remaining molecules form small 
and unconnected islands of molecular species, con-
nected by one or few reactions. 

Network analysis and comparison with NOC 
Despite having three orders of magnitude fewer 

molecules, the constructed network resembles the 
NOC’s topology. The biorefinery network exhibits similar-
ities in scale-free and small-world properties. This could 
indicate that the sampling strategy (biorefinery reactions 
are also captured in the NOC) does not destroy the to-
pology and also, that there are intrinsic properties of (bio-
)chemical networks that remain unchanged. These could 
be for instance common numbers of reacting molecular 
species, common reaction patterns, common reaction 

Table 1. Summary of compared metrics between the biorefinery network and the NOC. 

 Global clustering 
coefficient 

Average shortest 
path length 

Central point 
dominance 

In-degree expo-
nent 

Out-degree expo-
nent 

NOC      
Biorefinery      
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publishing practices. The scale-free and small-world 
properties are discussed in the following sections, while 
all metrics are provided in Table 1. 

Scale-free property 
A power law distribution fits the biorefinery network 

data, which approves the hypothesis that both in- and 
out-degree are heavy-tailed distributions and to an ex-
tend similar to the NOC. Yet, we also identify that other 
distributions fit our data well. 

Both in- and out- degree distribution show a high 
loglikelihood ratio with a significant p-value of 0.04 (in-
degree) and 0.03 (out-degree) for the data to be de-
scribed by a power law distribution rather than an expo-
nential distribution. This minimum alternative is checked 
to classify the distribution as heavy-tailed. We illustrate 
the degree distributions of the biorefinery network as 
power law fit in Figure 2. For the in-degree, further com-
parisons of the power law distribution against truncated 
power law, lognormal, or stretched exponential distribu-
tions do not lead to statistically significant results. For the 
out-degree, we see that the lognormal, stretched expo-
nential, and truncated power law distributions are slightly 
preferred over a power law. 

To compare the exponents with those of the NOC, 
we opt to make use of the power law fit. We find expo-
nents of 3.17 and 2.16 for the in-degree and out-degree 
respectively. Thus, the respective power law exponents 
indicate that the network topology can be described as 
scale-free. Jacob and Lapkin reported an exponent of 
3.04 for the in-degree and 2.09 for the out-degree of the 
NOC [10]. Our findings closely resemble the topology of 
the NOC. Note that the in-degree distribution deviates 
from the power law distribution for the in-degree of one, 
meaning that for those nodes, the power law predicts a 
higher frequency, which was also seen in the NOC and in 
further literature [17]. For the in-degree, a kmin of three 
was used for the NOC, while for biorefinery network kmin 

was set to two. For the out-degree, a kmin of one was used 
for fitting the NOC, while for the biorefinery network a kmin 
of two was set. 

Small-world property 
We discuss the small-world property based on the 

global clustering coefficient and the average shortest 
path length. Connected to these, we also discuss the 
central point dominance. 

The clustering coefficient found in the biorefinery 
network is 0.09, which is significantly higher than the 
clustering coefficient of 0.00058 in the NOC. A high clus-
tering coefficient is indicative of the small-world property 
of a network. In the original work the NOC was described 
to exhibit the small-world property [10]. We expect that 
the difference in coefficient is mainly due to our more 
specialised smaller network, which as a subset of the full 
NOC is composed of very well-connected molecules and 
reactions. 

The average shortest path length of the biorefinery 
network is 4.77, while in the NOC an average shortest 
path length of 6.02 was measured. Besides the average, 
we illustrate both probability distributions of observing a 
path with a certain length in Figure 3. Commonly, in 
small-world networks the average shortest path should 
be approximately the logarithm of the number of nodes, 
which in the case of the biorefinery network would be 
log10 1273  =  3.10. Thus, here our network shows longer 
average path length than normally found in small-world 
networks. 

 

Figure 2. Degree distributions of the NOC and biorefinery network as the probability of observing a degree of 𝑘𝑘, 
using the Python package powerlaw. The term pdf empirical denotes the plotted distribution from the observed 
data, while pdf discrete represents the predicted distribution from power-law model based on the fitted exponent. 
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Figure 3. Comparison of the probability 𝑃𝑃(𝑙𝑙) of observing 
the shortest path with length 𝑙𝑙, between the NOC [10] 
and the network of biorefineries. NOC plot recreated 
using WebPlotDigitizer. 

 Lastly, we consider the central point dominance. 
The central point dominance in the biorefinery network is 
0.0099, which is moderately higher than the central point 
dominance of 0.0037 of the NOC. This suggests that the 
biorefinery network has a slightly higher centralisation, 
meaning that a bigger proportion of reactions and path-
ways in the network go through a central node than in the 
NOC. 

Coverage of the biobased space 
We note that our biobased data space is not signifi-

cantly fragmented yet lacks some important biorefinery 
platform molecules as well as feedstocks and end prod-
ucts. This indicates that while our naïve query strategy is 
successful in mapping general reaction pathways 
throughout a refinery, to retrieve a holistic picture of all 
possible molecules and reactions, more advanced query 
strategies are needed. 

Cluster analysis 
We utilise the scoring function described in Eq. 5 to 

identify the best number of clusters for the biorefinery 
network. The highest score of 42.92 was achieved with 
three clusters. We tested values between two and 100 
clusters. The clustering based on the Girvan-Newman al-
gorithm is displayed as a schematic overview in Figure 4. 

Cluster one contains molecular derivatives and 
pathways mainly from lignin-based feedstock (orange 
cluster in Figure 4). This is not surprising as lignocellulo-
sic biorefineries are one of the major biorefinery classes 
studied and we can therewith expect them to be highly 

present and well annotated in REAXYS. 
Cluster two contains mostly pathways that produce 

and utilize 2-methoxy-phenol (yellow cluster in Figure 4). 
2-methoxy-phenol is also derived from lignin and an im-
portant model compound towards the production of 
green chemicals, flavour molecules such as vanillin, and 
in the medical sector. We assume that it is very prominent 
in the network due to its role as important and versatile 
intermediate. 

Cluster three contains a limited number of reactions, 
all involving 3-methylpyridine as a reactant (green cluster 
in Figure 4). 3-methylpyridine is a precursor for agro-
chemicals. This cluster is only loosely connected to the 
remaining space and does not contribute much to the 
main network characteristics. 

We cannot visually detect any fragmentation of the 
network that clearly separates biorefinery processing 
steps or types of biorefineries. We note that while we 
used generic search terms, lignin processing and its as-
sociated pathways and derivatives are prominently rep-
resented, while other types of biorefineries (e.g. blue bi-
orefinery) do not appear notably in the clusters. 

 
Figure 4. Clustering of the biorefinery network using the 
Girvan-Newman algorithm and three clusters. 

Molecular species coverage 
Common biobased feedstock molecules such as 

hemicellulose or chitosan are lacking in our biorefinery 

Table 2. Presentation of the network coverage for the lignocellulosic biorefinery molecules from Tey et. al. [16]. It 
shows how many molecules from the paper are present in the constructed biorefinery network. 

 st intermediate nd intermedi-
ate 

rd intermedi-
ate 

th intermedi-
ate 

Final product 

# species      
# species in data      
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network. Yet we find that their first, second, and third or-
der derivatives along reaction pathways are present in 
the biorefinery network. We show in our quantitative 
analysis based on the platform molecules summarised by 
Tey et. al. [16] in Table 2 that 66% of the 1st order inter-
mediates, 82% of the 2nd order intermediate, and 61% of 
the 3rd order intermediates of lignocellulosic biorefineries 
are present. This indicates that the naïve query strategy 
is a sufficient proxy to assemble the data space spanning 
from 1st to 3rd order intermediates. We find significant less 
4th order intermediates and final products in our network. 
Some products like ethanol and methanol are recorded, 
yet many more specialised possible biorefinery end prod-
ucts are not present. This, in combination with our cluster 
analysis, indicates that for fully automated pathway plan-
ning, additional effort is needed to query or manually add 
feedstock and product molecules. 

Database querying strategy 
As comparison to our naïve keyword search strat-

egy, we perform targeted molecular search strategies 
(see the method section coverage analysis) to gain in-
sights on the impact of data acquisition. Both feedstock 
targeted searches bring networks of about 750 mole-
cules (775 for the lignocellulosic search and 707 for the 
blue biorefinery search). The Jaccard similarity of the lig-
nocellulosic network and the general biorefinery network 
in this work is only 8.20% and the Jaccard similarity be-
tween the blue biorefinery network and the general bio-
refinery network in this work is only 2.70%. We find that 
20.00% of the molecules in the specialised lignocellulosic 
network are also part of the general biorefinery network 
and only 7.36% of the molecules from the specialised 
blue biorefinery network are present in the general bio-
refinery network. This indicates that despite the high 
coverage of common biorefinery 1st to 3rd order interme-
diates, currently a relatively large space of specialised 
molecular species at early processing stages of biorefin-
eries remains unexplored by the keyword search strat-
egy. We conclude that a more advanced strategy query-
ing for targeted molecular species and their connecting 
reactions is needed to obtain a complete picture of pos-
sible design options for biorefineries. 

CONCLUSIONS 
This paper investigates the reaction space in biore-

fineries. We present two main contributions. Firstly, this 
paper characterises the network space through network 
theoretical metrics and illustrates the topological similar-
ities between the biorefinery reaction space and the 
NOC. For instance, the analysis of degree distributions 
shows that the network is scale-free with γin ≈ 3.2 and 
γout ≈ 2.2 resembling the NOC while containing 1000 
times less vertices. Secondly, this paper presents 

evidence that the naïve keyword querying strategy con-
tains many of the important first, second, and third inter-
mediates of lignocellulosic biorefineries. Yet, it also 
shows that the current network is preliminary, lacking 
both some specialised products and feedstock mole-
cules, as well as molecules and reactions from different 
biorefinery types. Our finding that about 80% of the data 
space is a closely connected network structure, makes 
this approach very useful for integrated biorefinery plan-
ning with the potential of automated reaction pathway 
optimisation. Our recommendations for future work are to 
work with a less severe abstraction in the graph data 
model and to focus on the addition of, in this work iden-
tified, bottleneck areas in the data. 

DIGITAL SUPPLEMENTARY MATERIAL 
Our code for this work is available at GitHub 

(https://github.com/Intelligent-molecular-systems/net-
work-analysis-of-biorefineries). 
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